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Abstract
Across the world, particularly in the tropics, the extent of forest clearance has been
widespread. At present, few studies have been undertaken and little is known on the
long-term e↵ect of land use history following clearance, on forest recovery, a significant
sink for atmospheric CO2. This study aimed at quantifying the capacity of regenerating
forests in the Brazilian Legal Amazon (BLA) to recover carbon using a combination
of Earth Observation (EO) data and the 3-PG forest growth model. Three sites
were selected within the BLA, representative of di↵erent clearance histories on which
extensive deforestation has occurred. Land use history and forest age for these areas was
obtained from time-series analysis of Landsat images (1974 - 2011). Long term trends of
aboveground biomass (AGB) accumulation in secondary forests were studied using field
inventory data from 52 secondary forest plots north of Manaus from 1993, 1995 and 2014.
Plots were representative of di↵erent clearance histories; a combination of clearance
frequency and period of active land use prior to abandonment. A variance based global
sensitivity analysis (SA) was carried out on the 3-PG forest growth model to identify
its most sensitive model inputs when applying it to a mixed tropical rainforest. A
parameter set for mixed tropical forests was identified using a Monte-Carlo simulation
and by comparing simulated outputs to field data. These parameters were used within
3-PG to provide estimates of total carbon sequestration and model sensitivity to future
climate change.
Results of this thesis showed that forest age derived from remote sensing time series was
comparable to that derived from field observations and interviews. Sites with a higher
land use intensity did not accumulate biomass at a significantly slower rate than those
used less intensively. Accumulation rates predicted from the model closely matched
those calculated from the forest inventory data gathered at each plot. SA results
demonstrated scientifically credible behaviour of the model and allowed identification of
the most responsive model inputs and interactions. Findings illustrated the suitability
and potential of combining a process based model with EO data as a way to forecast
the productivity of mixed secondary forest in Brazil. Comparisons with existing
estimates highlight uncertainties in deriving secondary forest AGB from remote sensing
using relationships fitted to primary forests. Development of these methodologies has
applications to other tropical ecosystems that have experienced a similar history of
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Table 1: List of abbreviations and definitions used in the thesis.
Abbreviation Definition
⇢ Specific wood density
f PAR photosynthetically active radiation
3-PG Physiological Principles Predicting Growth. Forest growth model.
3-PG2 Most recent version of Physiological Principles Predicting Growth
as of 2007. Forest growth model.
AGB Above ground biomass
AGC Above ground carbon
AIRSAR Airborne Synthetic Aperture Radar
ALOS PALSAR Advanced Land Observation Satellite Phased Array type L-band
Synthetic Aperture Radar
ASF Age of secondary forest. Sum of time (in years) that each pixel was
occupied by secondart forest since the last clearance event
ASW Available soil water
avDBH Average diameter at breast height. Measured in cm
AVHRR Advanced Very High Resolution Radiometer
BA Basal area m2 ha 1
BACCO Bayesian Analysis of Computer Code Outputs
BDFFP Biological Dynamics of Forest Fragments Project
BDMEP Banco de Dados Meteorolo´gicos para Ensino e Pesquisa
BGB Below ground biomass
BIOMASS P-band synethic aperture radar
BLA Brazilian Legal Amazon
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Abbreviation Definition
CARLUC CARbon and Land-Use Change. Process based forest growth model.
CBD Convention on Biological Diversity
CDM Clean Development Mechanism
CUs Conservation units
CV Coe cient of variation
DBH Diameter at breast height is measured at 1.3 m above the ground
in cm.
DGSM Derivative-based Global Sensitivity Measure
DGVM Dynamic Global Vegetation Models
DMF Dry mass fraction (dry mass/fresh mass)
EC European Commission
ENSO El Nin˜o Southern Oscillation
ENVI Environment for Visualizing Images
Envisat ASAR Advanced Synthetic Aperture Radar
EO Earth Observation
ESA European Space Agency
FAO Food and Agriculture Organisation
FAST Fourier amplitude sensitivity analysis
fASW Fraction of available soil water
FC Frequency of clearance. Sum of frequency of transitions from forest
to non-forest
FCPF Forest Carbon Partnership Facility
FLEGT Forest Law Enforcement, Governance and Trade
FORMIND Individual based forest gap model.
FORMIX Individual-based mixed rainforest growth simulator
GCC Global carbon cycle
GHG Green house gases
GLAS Geoscience Laser Altimeter System
GloPEM Global Production E ciency Model
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Abbreviation Definition
GPP Gross primary productivity
H Tree height. Measured in m
HPC High-performance computing
HRV High resolution visible
ICESat Ice, Cloud and Land Elevation Satellite
IDL Interactive Data Language
INPA Instituto Nacional de Pesquisas da Amaznia. National Institute of
Amazonian Research
INPE Instituto Nacional De Pesquisas Espaciais. National Institute for
Space Research
IPCC Intergovernmental Panel on Climate Change
iStocking initial stocking of trees
iWF initial foliage weight
iWR initial root weight
iWS initial stem weight
JABOWA Forest growth model named after the initials of its authors.
JERS-1 Japanese Earth Resources Satellite -1
LAI Leaf area index
Landsat ETM+ Landsat Enhanced Thematic Mapper Plus
Landsat MSS Landsat Multispectral Scanner System
Landsat TM Landsat Thematic Mapper
LiDAR Light detection and ranging
LOOCV Leave one out cross validation
LUE Light use e ciency gDM MJ 1
LULCC Land use and land cover change
MCT Brazilian Ministry of Science and Technology
MF Mature forest
MMA Brazilian Ministry of the Environment
MODIS Moderate-resolution imaging spectroradiometer
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Abbreviation Definition
MRV Measuring, reporting and verifying
NAPAs National adaptation programme of actions
NASA National Aeronautics and Space Administration
NDVI Normalized Di↵erence Vegetation Index
NDWI Normalized Di↵erence Water Index
NERC Natural Environment Research Council
NF Non-forest
NIR Near infrared
NOAA National Oceanic and Atmospheric Administration
NPP Net primary productivity
OAT One factor-at-a-time
PALU Period of active land use. Di↵erence (in years) between the time of
initial forest clearance and the onset of regeneration
PBM Process-based model
PC Perenial crops
POLONORDESTE Northwest Region Integrated Development Program
Qint Intercepted radiation
REDD+ Reduced Emissions from Deforestation and Degradation
RI Relative incidence
RMSE Root mean squared error
RS Remote sensing
SA Sensitivity analysis
SAR Synthetic Aperture Radar
Sentinel 1 European Space Agency C-band synthetic aperture radar
SF Secondary forest. Forests regenerating largely through natural pro-
cesses after total abandonment of alternative land use (plantations,
agriculture, pasture, etc.) on formerly forested lands.
SI Smithsonian Institution
SIR-C Spaceborne Imaging Radar C-band
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Abbreviation Definition
SI’s Sensitivity indices
SOM Soil organic matter
SOTER Soil and Terrain Databas
SPOT–4 Satellite Pour l’Observation de la Terre
StandVol Stand volume m3
StemNo Stem density stem ha  1
SWIR Shortwave infrared
TC Tree crops
TerraSAR-X Phased array X-band synthetic aperture radar
TIGER Terrestrial Initiative in Global Environmental Research
TOA Top of atmosphere reflectance
UN United Nations
UNFCCC United Nations Framework Convention on Climate Change
USGS United States Geological Survey
VHR Very high resolution
VPD Vapour pressure deficit. Di↵erence between the amount of moisture
in the air and how much moisture the air can hold when it is
saturated.
WF Foilage weight in 3-PG
WIMOVAC Windows Intuitive Model of Vegetation response to Atmospheric
and Climate Change
WR Root weight in 3-PG
WS Stem weight in 3-PG
xTable 2: List of International System of Units used in the thesis.
Units Definition
￿ Degrees Celcius
molCmolPAR 1 Moles of carbon per moles of photosynthetically active radiation
cm Centimetres
gcm 3 Grams per centimetre cubed
GtC yr 1 Giga tons of carbon per year
ha Hectare
kg Kilograms
kg tree 1 Kilograms per tree
km Kilometres
m Metres
m s 1 Meters per second
m2 kg 1 Metres squared per kilogram
mBar 1 per millibar
Mg C ha 1 Mega grams of carbon per hectare
Mg ha 1 Mega grams per hectare
Mg ha 1 mm 1 Mega grams per hectare per millimetre
Mg ha 1 yr 1 Mega grams per hectare per year
Mha Mega hectares
MJ m 2 d 1 Mega joules per square meter per day
mm millimetre
mm d 1 Millimetres per day
mm hr 1 Millimetres per hour
month 1 Per month
Pg C Peta grams of carbon
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Chapter 1
Introduction
1.1 The importance of tropical rainforests
Approximately 85 countries contain tropical forest ecosystems covering an area of 18
million km2 (Hartshorn, 2013). They provide an invaluable range of environmental and
socio-economic services. These include high biodiversity; provision of medicines; food;
fuel wood; climate regulation; CO2 sequestration and services related to flood prevention
and soil stabilisation. They also exchange more water, through evapotranspiration, and
CO2 with the atmosphere than any other biome (Foley et al., 2005).
It is extremely likely that human influence has been the dominant cause of observed
warming of the atmosphere and oceans since the mid-20th century (Alexander et al.,
2013). The largest contribution to total radiative forcing, the di↵erence of insolation
(sunlight) absorbed by the Earth and energy radiated back to space, is caused by the
increase in atmospheric concentration of CO2 since 1750 (Alexander et al., 2013). Hence,
the carbon sequestration performed by these forests, influenced by their ecosystem struc-
ture and function, constitutes a globally important environmental service. Terrestrial
ecosystems have been widely recognised as playing a vital role in the global carbon cycle
and biodiversity hotspots (Heimann and Reichstein, 2008). The abundance of tropical
rainforests at the Earth’s equator is ackwoledged as being particularly crucial in this
role (Gibson et al., 2011; Pan et al., 2011). As a consequence there have been various in-
ternational e↵orts in recent decades to reduce greenhouse gas (GHG) emissions (United
Nations Framework Convention on Climate Change, UNFCCC 1992) and to preserve
1
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biological diversity (Convention on Biological Diversity, CBD 1992). The UNFCCC has
put in place investment mechanisms and market based carbon transactions in reaction
to high rates of tropical land use and land cover change (LULCC) and the subsequent
reduction in biodiversity and loss of the ecosystem services it supports. These measures
are aimed at enhancing forest carbon stocks and the reduction of deforestation and
forest degradation whilst promoting sustainable development in developing countries
(UNFCCC Non-Annex 1 countries). The UNFCCC Clean Development Mechanism
(CDM) initiative and post-Kyoto Protocol Reduced Emissions from Deforestation and
Degradation (REDD+) program (Lederer, 2011) are two of the implemented mecha-
nisms. The Aichi CBD set a strategic plan consisting of 20 targets to be met by 2020.
Target 5 aims at reducing the rate of loss of all natural habitats, including forests, to
half, and, where feasible, close to zero whilst significantly reducing degradation and
fragmentation (Aichi, 2011). These targets and agreements are also a priority for the
European Commission (EC) who support the REDD+ Partnership, the Forest Carbon
Partnership Facility (FCPF), and the UN-REDD programme. The EC has provided
financial support for REDD+ projects in Asia, Africa and Latin America through the
Forest Law Enforcement, Governance and Trade (FLEGT) Action Plan (Ochieng et al.,
2013).
1.2 Tropical rainforest in Amazonia
The Amazon Basin supports the largest continuous extent of tropical rainforest and
associated ecosystems (mangroves, swamp forest) in the world (Table 1.1). These
are currently believed to be sequestering carbon through enhanced vegetative growth
associated with increased CO2 levels in the atmosphere otherwise known as carbon
fertilisation (Baker et al., 2004; Malhi et al., 2008; A↵um-ba↵oe et al., 2009). This
has, however, been recently challenged by Brienen et al. (2015) who showed increased
tree mortality across forest plots in Amazonia, resulting in an overall decline in the
Amazon biomass carbon sink. Historically much of the region has remained relatively
unchanged except for disturbance by natural events (e.g., windblown) and subsistence
agriculture. However, since the early 1970s approximately 20 % (mainly within the
Brazilian Legal Amazon, BLA) has been deforested for both small scale and large scale
agriculture (Ferreira et al., 2007). Deforestation is defined as the removal of tree cover
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to less than 10 % (Chazdon, 2012). Most of this deforestation has occurred in the south
eastern Brazilian states of Rondoˆnia, Mato Grosso, Para´, Tocantins and Maranha˜o in
what is often referred to as the arc of deforestation (INPE, 2013). Several states to
the north and west, such as Amapa, Acre, Roraima and Amazonas, have remained
relatively intact (Figure 1.1).
Table 1.1: Tropical forest cover and annual rates of change for the ten countries with
the largest coverage (Hansen et al., 2010)
Rank Country Forests (km2) Cover (%) Annual change (%)
1 Brazil 5,195,220 62 -0.42
2 Dem. Rep. Congo 1,541,350 68 -0.20
3 Indonesia 944,320 52 -0.71
4 Sudan 699,490 29 -0.08
5 India 684,340 23 0.22
6 Peru 679,920 53 -0.22
7 Colombia 604,990 55 -0.17
8 Angola 584,480 47 -0.21
9 Bolivia 571,960 53 -0.53
10 Venezuela 462,750 52 -0.61
Subtotal top 10 11,968,820 49 -0.34
1.3 Regeneration of cleared land
Although extensive deforestation has occurred, over 21 - 30 % of the cleared land is now
supporting forests at various stages of regeneration (Lucas et al., 2000; Carreiras et al.,
2006b; INPE, 2011; de Almeida et al., 2016; Chazdon et al., 2016). Forest regeneration is
the process of forest regrowth on land that was formerly forested (Chazdon, 2012). These
areas make a considerable contribution to the carbon sink capacity of the Amazon region.
Despite this, the capacity of these forests to accumulate biomass is highly dependent
on climate, soil fertility; type, duration and intensity of prior land use and distance to
remnant forests (Chambers et al., 2007). By understanding the contribution of di↵erent
land use practices over time in conjunction with abiotic factors such as climate, the
carbon sink potential for the deforested land area can be established. This is in relation
to the ability of forests to accumulate biomass regardless of whether they currently
support regrowth forest. Such information can provide a vital and highly valuable
planning tool for restoring forests through a range of initiatives relating to sustainable
land use; CBD and REDD+ (Campbell et al., 2009). In particular, target 15 of the
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Figure 1.1: Extent of deforestation in the BLA, 2013 (INPE, 2013)
Aichi CBD aims, through conservation and restoration, to enhance ecosystem resilience
and the contribution of biodiversity to carbon stocks. This includes restoration of at
least 15 % of degraded ecosystems, thereby contributing to climate change mitigation
and adaptation (Aichi, 2011).
1.4 Remote sensing of the Brazilian Amazon
Remote sensing (RS) provides many advantages for assessing trends in LULCC. The
variety of sensors allow for multiple observations at di↵erent spatial and temporal scales,
resolutions and spectral regions, o↵ering a wealth of information on the properties of
land surface targets. It is often the only practical way to repeatedly obtain data for
large inaccessible regions such as the Amazonian rainforest. It provides a cost e↵ective,
repetitive method for collecting data on the Earth’s surface allowing time series studies
to be carried out at frequent regular intervals, on temporal scales far exceeding the
duration of most research projects. This is particularly useful for studying ecosystem
dynamics.
Since 1988, the history of deforestation in the BLA has been mapped annually by
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Brazil's National Institute for Space Research (INPE) using wall-to-wall coverage of
30 m spatial resolution Landsat sensor data (INPE, 2013). More recently, Synthetic
Aperture Radar (SAR) such as the Advanced Land Observation Satellite Phased Array
type L-band Synthetic Aperture Radar (ALOS PALSAR), has allowed systematic
annual and cloud free observations at L-band wavelength microwaves for the globe.
Walker and Stickler (2010); Shimada et al. (2011, 2014) and Grover et al. (1999) have
demonstrated the capability of SAR for monitoring deforestation. These e↵orts have
focused on mapping the deforested area but not the areas of regrowth. A recent attempt
to quantify the global extent of intact forest and forest gain is that by Hansen et al.
(2013); however this work did not distinguish forest gain from plantations or that which
began growing before 2000 from intact forest. This lack of distinction between forest
gain present in 2000 and intact forest cannot therefore be used to monitor secondary
forest regeneration before 2000.
Regrowth forests have been mapped using the same optical data that is available
through the United States Geological Survey (USGS) archive free of charge. Most
estimates of the extent of regenerating tropical forest are based on single-date studies
(Lucas et al., 2000; Carreiras et al., 2006a; Nee↵ et al., 2006; INPE, 2011; de Almeida
et al., 2016; Chazdon et al., 2016).Annual maps of primary rainforest; secondary or
regrowth forest; non-forest (including agriculture and tree crops) can then be combined
to establish the age of regenerating forests (Sant’Anna et al., 1995) and information
relating to land use history such as the number of cultivation cycles (?). Estimating
these metrics at this scale provides the opportunity to quantify the e↵ects land use has
on future recovery of the Brazilian Amazon. Hence, there is clearly a need to promote
the acquisition of su cient and appropriate RS data that is comparable over time and
appropriate for use in monitoring changes in the Earth’s environments. In other words,
there is a continuing requirement for consistent data and classification schemes to allow
comparison at a country wide scale which is only possible using Earth Observation
(EO) technology (Reiche et al., 2016).
Depending on the wavelength, SAR sensors interact with di↵erent components in the
forest structure. The backscatter of P-band sensors (e.g. AIRSAR) and L-band (e.g.
JERS-1 and ALOS PALSAR 1 and 2) is attenuated by the tree trunks and large branches,
whilst C-band sensors (e.g. Envisat ASAR, Sentinel 1 and SIR-C) and X-band sensors
CHAPTER 1. INTRODUCTION 6
(e.g. TerraSAR-X) are sensitive to the smaller components of the canopy (Le Toan
et al., 1992; Fleischman et al., 1996; Imho↵, 1995). These attributes make active RS an
ideal candidate for studying the spatial distribution of above ground biomass (AGB) in
forests (e.g., Sarker and Nichol, 2013; Solberg et al., 2015). The ability of these sensors
to measure biomass is primarily dependent on their wavelength, which in turn governs
how far into the canopy they penetrate. Longer wavelengths, e.g. P-band and L-band,
penetrate further (Le Toan et al., 1992; Santos et al., 2009). It has been shown that
these longer wavelengths are more sensitive to changes in biomass as evidenced by an
increasing backscatter range (Wang et al., 1995; Luckman et al., 1997; Lu et al., 2007).
However these biomass estimations are only valid up to a threshold where saturation
occurs, that is, where the slope of the biomass-backscatter coe cient curve approaches
zero (Lucas et al., 2007; Mitchard et al., 2009). In tropical forests this is ⇡300 Mg
ha 1 for P-band and ⇡150 Mg ha 1 for airbourne L-band (Saatchi et al., 2011b). This
data has a resolution of 10 m making them ideal for studying small patches of SF.
However, the BIOMASS spacebourne P-band sensor will have a resolution of 200 m
(Le Toan et al., 2011), therefore limiting their applicability to studying small scale SF
biomass. The 25 m resolution of spacebourne dual polarisation L-band sensors, e.g.
ALOS PALSAR, is suitable for characterising small SF patches. However, AGB can
exceed 250–300 Mg ha 1 in central and eastern Amazonia, depending on the allometric
model in estimating the AGB from field measurements (Baker et al., 2004). Beyond the
point of saturation for L-band sensors in this environment (Cutler et al., 2012).
Although young secondary tropical forests have biomass densities lower than 100 Mg
ha 1 their fast growth means that they can accumulate >150 Mg ha 1 within 20
years (Brown and Lugo, 1990) exceeding that which can be detected by SAR. However
the use of radar backscatter as a ‘direct measure’ of forest biomass is contentious
(Woodhouse et al., 2012). Whilst it is agreed that radar backscatter is influenced by a
variety of vegetation structural properties which vary between forest types this may,
or may not, directly correlate with AGB. The only direct measure of AGB can come
from destructive harvesting (Clark and Kellner, 2012). As this is impractical at the
global scale, Saatchi et al. (2012) states that proper experimental design, consisting of
remote sensing specific field inventory data and long wavelength (>0.7 m) SAR, such
as BIOMASS (Le Toan et al., 2011), provides the only method for circumnavigating
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these limitations encountered by field only studies.
One of the largest sources of uncertainty in GHG accounting rests in the spatial variation
of above ground carbon stocks and stock changes in primary and secondary forests and
on fallow land (Asner, 2011). This uncertainty can be reduced using information on
land use intensity and age distribution of secondary forest are adequate measures from
which to estimate the carbon accumulation potential (Orihuela-Belmonte et al., 2013).
Whilst it is unable to directly quantify aboveground biomass, using time-series optical
or SAR data, RS is well-placed to address these uncertainties at a landscape scale.
Using a detailed timeseries analysis it is possible to provide estimates of the current
extent along with information on land use intensity and age distribution of secondary
forest (Prates-Clark et al., 2009).
1.5 Forest growth modelling in the Brazilian
Amazon
Where RS alone is unable to estimate current standing AGB across a variety of forest
types, forest growth modelling has been shown to be capable of estimating current
standing AGB (e.g. Nightingale et al., 2008b). Modelling forest growth allows the
prediction of future biomass accumulation in areas of deforestation. This attribute can
also be used as a tool for assessing the impacts of future climate change and other types
of disturbance (e.g. Groeneveld et al., 2009; Dislich and Huth, 2012).
Through anthropogenic climate change increased temporal and spatial climate variability
has been predicted (Malhi and Wright, 2004). As temperature and precipitation are
key drivers of plant growth these rapid changes in environmental conditions will have
an e↵ect on carbon cycling throughout the globes tropical rainforests and associated
ecosystems (Cleveland et al., 2011; Toledo et al., 2011a). Forest growth models that
incorporate these parameters allow for these e↵ects to be quantified.
The majority of modelling attempts in Brazil have been empirically based and are only
applicable to the location or vegetation type of the data from which they were developed.
Empirical modelling estimates (e.g. Silva, 1989; Alder and Silva, 2012; Esp´ırito-Santo
et al., 2014) require a wealth of time series and often chronosequences of forest inventory
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datasets (Chazdon et al., 2016). Where datasets are not readily available, such as
for the entire BLA, process-based models have been implemented such as CARLUC
(Hirsch et al., 2004; Oliveira et al., 2013) and 3-PG (White et al., 2006). Whereas
empirical models are location and/or vegetation type specific process-based models
such as FORMIND (Ko¨hler and Huth, 1998), JABOWA (Botkin et al., 1972) and 3-PG
(Landsberg and Waring, 1997) have been used widely for modelling the growth of mixed
species forests and plantations.
The majority of applications of process based forest growth models to tropical forest
have been in Asia (e.g. using the FORMIND model) with fewer studies focusing on the
tropical rainforests of South America. Parameterising a process based model for mixed
secondary forest allows for estimates of forest regeneration on pastoral and agricultural
land which has yet to be abandoned. Estimating the potential carbon sequestration
capacity of these deforested areas at a large spatial scale will prove to be a valuable
output for various REDD+ activities in Brazil and the other countries mentioned in
Table 1.1 experiencing deforestation and degradation of their tropical forests.
1.6 Aim and objectives
The aim of this research is to quantify the impact of land use on tropical rainforests in
Brazil to recover biomass, and therefore carbon, on sites of abandoned agriculture. To
achieve this aim the following objectives are addressed:
1. Estimate frequency of forest clearance and the period of active land use for areas
of abandoned agriculture in the Brazilian Amazon at a local scale and their e↵ects
on above ground biomass accumulation.
2. Parameterise and validate the process based forest growth model 3-PG2 for use in
mixed secondary forest to estimate above ground biomass accumulation.
3. Determine the extent to which secondary forests contribute to the carbon budget
within the BLA and reassess regional above ground biomass estimates
4. Assess the sensitivity of the process based forest growth model 3-PG2 to changes
in temperature and precipitation
CHAPTER 1. INTRODUCTION 9
1.7 Thesis Outline
This thesis is presented in eight chapters as follows.
Chapter One has provided an introduction and outlined the thesis aim and objec-
tives.
Chapter Two provides an critical overview of tropical forest growth and successional
dynamics following anthropogenic disturbances.
Chapter Three provides a description of the three study sites examined in this work;
the Manaus Biological Dynamics of Forest Fragments Project (BDFFP); the area of
agriculture adjacent to the Tapajo´s national forest and the region of intense deforestation
south of Machadinho d’Oeste, Rondonia, Brazil. Information on climate, geology and
soil, vegetation types and land use history of those sites is presented.
Chapter Four details the estimation of land use history through the use of remote
sensing. This includes outlines of, data collection, pre-processing of remotely sensed
datasets, classification methods and the time series analysis used to estimate land
use history. The results are discussed in relation to land use history and land cover
di↵erences between the three study sites and the Brazilian Legal Amazon. This work
was published in Carreiras et al. (2014). The PhD candidate is the second author.
Chapter Five summarises the analysis of field inventory data to obtain aboveground
biomass. The results demonstrate regrowth dynamics of secondary forests more than
30 years old and the e↵ect of varying land use history. These results are then used on
model parameterisation in Chapter 6.
Chapter Six assesses the structure of the forest growth model, 3-PG2, and the input
parameters via an extensive sensitivity analysis. The chapter provides a validated
parameter set with confidence intervals for predicting secondary forest biomass accumu-
lation. The findings of Chapter Six are then used to parameterise and validate 3-PG2
for use in secondary forests in the Brazilian Amazon.
Chapter Seven uses the parameter set defined in Chapter Six to estimate potential
above ground biomass accumulation under current and future IPCC climate predictions.
There is also a comparison with other published above ground biomass estimates.
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Chapter Eight provides a reflective discussion on the methods and results from each
chapter in relation to each other and, similar studies of the tropical secondary forest
of Amazonia. Following this, conclusions are drawn from the outcomes of this study
whilst highlighting potential directions for future research.
Chapter 2
Background
2.1 Tropical rainforest: an overview
The Food and Agriculture Organisation (FAO) defines a forest as “land spanning more
than 0.5 ha with trees higher than 5m and a canopy cover of more than 10 percent”.
The tropical rainforest biome occurs between 28°north and south of the equator in
of South America, Africa and South-East Asia. This biome is characterised by mean
monthly temperatures >18￿ (Woodward, 2008) and mean annual rainfall >1660 mm
(Newman, 2002). The dominant land cover type in this environment is a dense broadleaf
evergreen forest ecosystem that is species rich and exhibits high levels of above and
below ground biomass (AGB and BGB, respectively). These forests consist of a mixture
of forest types including lowland, montane, flooded, peat, heath and mangrove forests.
Primary forest represents the climax forest type, an environment that is considered
stable but not necessarily static (Chokkalingam and De Jong, 2001), for the given region.
Alongside these primary forests are secondary forests. These are forests that regenerate
largely through natural process following removal or partial disturbance of the original
forest vegetation (Blay, 2002). These disturbances can include tree falls, fires, lightning
strikes, landslides, floods, blowdowns and anthropogenic clearing.
The Amazon rainforest of South America is located in the Amazon basin, otherwise
known as Amazonia. This is defined as the area of South America drained by the
Amazon River and its tributaries. It is located in of Bolivia, Brazil, Colombia, Ecuador,
Guyana, Peru, Suriname and Venezuela (Goulding et al., 2003). The forest type in
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this region is predominantly lowland equatorial evergreen rainforest (Corlett, 2014).
The legal definition of the extent of Amazon rainforest in Brazil is the Brazilian Legal
Amazon (BLA), the socio-geographic division that contains the 9 states in the Amazon
basin (Laurance et al., 2001). The BLA covers an area of ⇡5 million km2 of which 65.8
% is primary rainforest, 10.6 % savannah, 19.3 % agriculture, 1.5 % water bodies and
2.8 % secondary forest (SF), as of 2000 (Carreiras et al., 2006b). Updated estimates of
secondary vegetation indicate that the area of SF in the BLA is increasing with up to 4
% of the BLA occupied by SF (Hansen et al., 2013; de Almeida et al., 2016).
2.1.1 Tropical rainforest ecosystem
Tropical rainforests in Brazil are characterised by high average annual temperatures (25
￿) and high average annual rainfall (>2000 mm). In addition to this its position at the
equator a↵ords little seasonal variation in day length and solar radiation (De Oliveira and
Mori, 1999). These conditions support both high fauna, fungi and flora species diversity
(Fine, 2015). These primary, or mature, forests are defined as “naturally regenerated
forests of native species, where there are no clearly visible indications of human activities
and the ecological processes are not significantly disturbed” (MacDicken, 2012). These
forests show natural characteristics such as forest dynamics, species composition, age
structure and regeneration processes.
The rainforest canopy can generally be divided into strata that develop over time,
although this is not always the case (Dial et al., 2004). These layers can be grouped in
three classes; emergents which reach heights of up to 55 m (Laurance et al., 2004); the
canopy which is occupied by a majority of large trees; below which is the understory of
palms, early stage mature forest trees, lianas and epiphytes supported by other plants;
at ground level is the forest floor (Figure 2.1).
Due to their position above the canopy emergents experience an extreme range of
microhabitats, from ground level to above the canopy. They are often the largest
organisms in tropical rainforests and therefore play a significant role in the carbon
storage of Amazonia (Nascimento and Laurance, 2002). Canopy species have high
juvenile survival rates and show a large increase in growth rates when exposed to high
light environments (Ru¨ger et al., 2012). Levels of incident solar radiation above the
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Figure 2.1: Typical rainforest canopy layer structure (https://en.wikibooks.org/
wiki/HKDSE_Geography/M6/Vegetation)
canopy can vary by 50 % between cloud-free and over-cast months (van Schaik et al.,
1993). Whilst below the canopy, there is a strong vertical control on levels of incident
solar radiation where it is sometimes <1 % of that above the canopy (Niinemets, 2010).
These low light levels lead to relatively slower growth rates in understory species, making
them smaller in stature when at maturity with high mortality rates (Turner, 2001).
Trees which develop below the canopy are shade tolerant and are able to achieve a
lower rate of respiration in low light levels than leaves in direct sunlight (Valladares and
Niinemets, 2008). At the forest floor fungi and other organisms play vital biological
and mechanical roles in decomposing and recycling nutrients as tropical rainforest soils
are typically nutrient poor (Lodge et al., 2014).
CHAPTER 2. BACKGROUND 14
2.1.2 Secondary forest succession
Secondary succession is the process of regeneration and species turnover of, predomi-
nantly, woody vegetation on land that was formerly forested. It is a continuous process
but is often initiated by disturbance of the canopy cover causing an influx of solar
radiation (Chazdon, 2014). As succession progresses with increasing forest age it can
be conceptualised as di↵erent successional stages (Table 2.1). Forbs, grasses and sedge
species are the first to colonise pastoral and agricultural land after abandonment (Uhl
et al., 1988). Following shortly behind, light demanding pioneers, e.g. Cecropia species,
begin to establish and complete canopy closure can occur within 4 years (Lucas et al.,
2002). An understory comprised of, shade tolerant, later successional, e.g. Chrysophyl-
lum species, and climax species develops beneath the canopy formed by the pioneer
species. The more intermediate and later successional species emerge through the pio-
neer canopy after 15 – 20 years (Uhl, 1987). This succesional stage eventually gives way
to the climax species that will make up the mature forest. This final stage is not static
as previously assumed (Richards, 1955) but rather in a dynamic state of equilibrium
(Chanthorn et al., 2015). Its complex and diverse structure is maintained by frequent
disturbances causing irregular mortality and recruitment of trees at small spatial and
temporal scales (Brokaw, 1982; Chambers et al., 2013). Patterns of dominant processes
in vegetation establishment vary at each stage of succession (Table 2.2). These patterns
of succession are often visible in secondary forests in the Brazilian Amazon (Figure
2.2).
Table 2.1: Comparison of successional stages of tropical forests under several proposed
classification schemes (Franklin, 2003).
Time since Budowski (1965) Go´mez-Pompa and Va´zquez-Yanes (1985) Finegan (1996) Oliver and Larson (1990);
disturbance (years) Chazdon (2008)
0–1 Pioneer Herbaceous phase Herbaceous/ shrub/climber stage Stand initiation stage
1–3 Shrub stage
3–15 Early secondary Pioneer tree stage Short-lived pioneer stage
20–50 Late secondary Secondary tree stage Long-lived pioneer stage Stem exclusion stage
30–80 Mature tree stage Recruitment of shade tolerant tree species Understory re-initiation stage
100–200 Climax
>200 Old-growth stage Old-growth stage
2.2 Importance of tropical rainforests
Quantifying the global carbon cycle (GCC) is a critical element in controlling and
reducing the widely acknowledged changes occurring in the Earth’s climate through the
increasing concentration of atmospheric CO2, which recently exceeded 400 ppm (Jones,
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Table 2.2: Processes of vegetation dynamics associated with stages of secondary succes-
sion in tropical forests (Chazdon, 2008). Successional stages based on the framework of
Oliver and Larson (1990).
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Figure 2.2: Sequence of tropical forest succession regenerating on abandoned land
pasture in Amazonia (Lucas et al., 2004).
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2013). Plants, primarily forests, have the largest fluxes of carbon to and from the
atmosphere (Table 2.3). Alongside land use change (e.g. deforestation), these elements
of the GCC are arguably one of the easiest for us to influence. Therefore, projects such
as the United Nations (UN) initiative for Reducing Emissions from Deforestation and
Forest Degradation (REDD+) are aiming to create conditions to minimise emissions
due to land use change and disturbance. In the BLA tropical forests represent 25 % of
intact forest landscapes globally (Hansen et al., 2013) and therefore play an important
role in the GCC.
Table 2.3: Summarised sources and sinks of carbon globally (Que´re´ et al., 2015)
Stored (GtC) Flux into (GtC yr 1) Flux out from (GtC yr 1) Di↵ (GtC yr 1)
Crust 10⇥107 - - -
Ocean 10⇥107 92 90 +2
Plants 560 122 60 (atmo) 61 (soil) +1
Soil 1500 61 60 +1
Land use - - 3 -1
Fossil Fuel - - 7 -7
Atmosphere 750 220 214 +6
These ecosystems support high levels of biodiversity, including 93,500 plant species in
the tropical forests of South America alone (Primack and Corlett, 2005) and 40,000–
53,000 tree species across the tropics (Slik et al., 2015). In addition to these valuable
assets, tropical rainforests provide a range of ecosystem goods and services. They
refer to the supply of valuable products and materials (including agricultural, forest,
mineral,and pharmaceutical commodities); the support and regulation of environmental
conditions (through processes like pollination, flood control, and water purification)
and the provision of cultural and aesthetic benefits (including ecotourism, heritage, and
sense of place) by ecosystems (Powledge, 2006).
2.2.1 Importance of regrowth forests
Globally there has been a loss of 2.3 million square kilometres of forest cover from
2000 to 2012 (Hansen et al., 2013). Whilst there has been a gain of 0.8 million square
kilometres of forest cover in the form of secondary forest and plantations for the same
period. In Brazil, de Almeida et al. (2016) showed that in 2012 the BLA was comprised
of 4 % secondary forest primarily due to practices such as shifting agriculture. This
approximates to 200,000 ha of regrowth. Assuming an average SF age of 10 years
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and an average AGB accumulation rate of 6.1 Mg ha 1 yr 1 (Poorter et al., 2016)
this equates to 12.2 million Mg ha 1 or approximately 1.9 % of the total AGB of the
Amazon (⇡640 million Mg ha 1, Avitabile et al., 2015). If these regrowth forests attain
an AGB equivalent to mature forest median of the BLA (252 Mg ha 1, Avitabile et al.,
2015) these forests would account for 6.3 % of the Amazon’s AGB. This demonstrates
secondary forests current and potential contribution to the carbon sink capacity of the
BLA. In fact, forests regenerating in tree fall gaps, have already been shown to be a net
carbon sink in the BLA (Esp´ırito-Santo et al., 2014).
In some studies (e.g. Uhl et al., 1988; Mesquita et al., 2001; Wandelli and Fearnside,
2015), the capacity of these forests to accumulate biomass was found to be highly
dependent on the intensity of land use prior to abandonment and they had yet to
attain the same AGB as primary forests. The land use intensity is therefore crucial
to understanding the successional ecology of these forests for determining their AGB
accumulation potential. By determining the area and age of secondary forests, the
carbon sink potential for the deforested land area can be established. This is in relation
to the ability of forests to accumulate biomass regardless of whether they currently
support regrowth forest. Such information can provide a vital and highly valuable
planning tool for restoring forests through a range of initiatives relating to sustainable
land use; Convention on Biodiversity (CBD) and REDD+ (Campbell et al., 2009). In
particular, Target 15 of the Aichi CBD aims through conservation and restoration to
enhance ecosystem resilience and the contribution of biodiversity to carbon stocks. This
includes restoration of at least 15% of degraded ecosystems, thereby contributing to
climate change mitigation and adaptation (Aichi, 2011).
The presence of early secondary forest restores soil organic matter (SOM) pools (Aweto,
1981; Lugo et al., 1986) through above and below ground (root turnover) litter inputs.
This makes conditions more favourable for the species which succeed the pioneer species.
In addition, forest regrowth benefits many other ecosystem processes enabling recovery
of other forest parameters besides tree growth and diversity (Table 2.4).
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Table 2.4: Benefits of forest regrowth to the forest ecosystem following deforestation
and abandonment.
Characteristics Source
Allow recolonisation of mycorrhizae after agriculture Bini et al. (2013); Ewel (1986)
Restore soil organic matter (SOM) Bini et al. (2013); Don et al. (2011); Martin et al. (2014)
Restore soil nutrient levels Bini et al. (2013); Gehring et al. (2005b)
Biomass accumulation by tree growth can counter losses from disturbances Esp´ırito-Santo et al. (2014)
Facilitate persistence of forest species in human-modified landscapes Chazdon et al. (2009)
2.3 Factors influencing forest growth and regenera-
tion
Abandoned croplands and pastures in tropical regions give rise to rapid establishment
of secondary forests, with consequent carbon accumulation and potential restoration
of biodiversity. However, the age, type and composition of these forests established
on abandoned lands are a consequence of several factors, such as land use history, soil
fertility, and distance to mature (primary) forests (Guariguata and Ostertag, 2001). In
addition, environmental factors such as topography, soil structure, seed dispersal traits
and the local microclimate play an important role in determining a secondary forest’s
recovery towards a mature forest state.
2.3.1 Climatic controls on growth
Plant growth, through photosynthesis, requires solar radiation, water, carbon dioxide
(CO2) and nutrients. Persistently high levels of incident solar radiation at the tropics,
which drive high annual air temperatures, result in highly productive ecosystems
(Monteith, 1972). Water availability is an important control on plant growth in the
tropics (e.g. Kapos, 1989; Metcalfe et al., 2008; Rowland et al., 2014b) and is intrinsically
linked to the air temperature. Reduced water availability is often a symptom of severe
droughts, climactic conditions characterised by prolonged periods of abnormally low
rainfall. These conditions are becoming more frequent in the region. In 2005 air
temperatures were 3–5 ￿ higher than average in south western Amazonia (Marengo
et al., 2008). Whilst in 2010, 57% of Amazonia experienced lower than average rainfall
in comparison to 37 % in the 2005 drought (Lewis et al., 2011). These conditions, which
induced water stress in trees (Phillips et al., 2009), are predicted to increase over the 21st
century in Amazonia (Williams et al., 2007; Malhi et al., 2009a). Drought conditions are
exacerbated by land cover change (deforestation) through an increased latent heat flux.
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This reduces precipitation and increases the amplitude of droughts in the region (Bagley
et al., 2013). The e↵ects of these droughts are furthered through positive feedbacks
when coupled with forest loss, fragmentation and fire. Greater drought stress leads to
increased vulnerability of forests to fires, especially at forest edges adjacent to pastures
where fire is used as a management tool (Laurance and Williamson, 2001). In addition
to increased fire risks, these drought conditions are responsible for heightened mortality
rates in large trees and lianas post drought (Nepstad et al., 2007; Doughty et al., 2015).
However, these forests are adapted to the more typical, less severe, dry seasons. Huete
et al. (2006) observed a ‘greening-up’ of the Amazon rainforests in the dry seasons
preceding recent drought as incident solar radiation levels increased.
In deforested areas forest hydrology is disrupted due to a higher albedo and decreased
evapotranspiration (lower leaf area and deep root systems), water demand and canopy
interception, particularly at the forest edge (Laurance et al., 2010). These microclimate
alterations can lead to localised flooding in the wet season and stream failure in the dry
season because of increased temporal variability (Trancoso et al., 2007). This variability
can reduce successful germination and establishment of shade tolerant mature forest
species such as Tapirira mexicana (Sugiyama and Peterson, 2013). Additional symptoms
of water stress are observable in the canopy (Lee et al., 2013; Saatchi et al., 2013a,b) and
result in lower ecosystem net primary productivity (NPP) (Tian et al., 1998; Nepstad
et al., 2004).
It is uncertain whether forest regeneration will lessen the e↵ects of forests edges
in comparison to open pasture (Wolf et al., 2011). However a↵orestation is being
pursued through the UNFCCC REDD+ scheme in an attempt to mitigate some of the
e↵ects of climate change and the positive feedbacks inherent in the degraded system
(Ravindranath, 2007).
2.3.2 Soil Nutrient Status
Nutrients such as nitrogen (N) and phosphorus (P) are important elements for plant
growth. N is important in leaf growth and photosynthesis (dos Santos et al., 2006)
whilst P is used in production of biomass tissues (Mustonen et al., 2014).
Nutrient turnover, the cycling of nutrients between pools, in tropical forests is typically
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high and relies upon the mycorrhiza and decomposers present in the litter layer (Kaspari
et al., 2008). This counters the low nutrient content of soils typical to Amazonia e.g.
Oxisols (Negreiros et al., 2009).
Nutrient limitation of tree growth has been demonstrated in the lowland tropical
forests of Panama. This is evidenced in nutrient addition experiments by increased
fine-litter production; significant decreases in fine-root biomass; increased basal area
(BA); decreased allocation to roots and increases in stem growth rates of seedlings,
saplings and pole (Wright et al., 2011; Santiago et al., 2012; Alvarez-Clare et al., 2013;
Mayor et al., 2014). In addition, the highly weathered, relatively nutrient poor, soils of
Amazonia have exhibited N and P limitations on NPP (Davidson et al., 2004). However
in Eastern Amazonia, enhanced P and N conditions only increased the growth of grasses
and forbs (Uhl, 1987), suggesting that there was no nutrient limitation of forest growth
in the SF being studied.
Nutrients accumulate as leaf litter and other dead plant material are decomposed at
the forest floor. In SF this occurs rapidly, as evidenced by concentrations of N and P
in the soil being in excess of those found in the vegetation and leaf litter (Feldpausch
et al., 2004). Concentrations similar to those found in mature forest often occurring
within five years (Uhl and Jordan, 1984).
2.3.3 Seed dispersal
Seed dispersal has important implications for the demographic and genetic structure of
plant populations (Hamrick et al., 1993; Dick et al., 2008). Seed dispersal mechanisms
include anemochory, primarily carried out by taller trees as the shorter trees of the
understory are rarely exposed to high winds (Turner, 2001); autochory is often found in
pioneer species (van der Pijl, 1982); hydrochory is common in riverine species (Parolin
et al., 2013) and zoochory, both endo and epizoochory. Secondary dispersal is often
carried out by ants which remove seeds from faeces of frugivores (Henao-Gallego et al.,
2012).
Seed source availability regulates the recovery of a diverse range of species in forests
that regenerate by seed (Uhl and Clark, 1983). Impoverishment of the seed bank in
the pasture soil a↵ects species composition of the regenerating forest (Vieira et al.,
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1994). This is particularly important for secondary forests growing in large disturbed
areas. When seed sources are far from the damaged site, seed vectors determine the
rehabilitation of species richness (Uhl et al., 1988).
Spatial constraints to seed dispersal are a critical barrier to succession (Guariguata and
Ostertag, 2001). Forest fragmentation influences the movement of frugivorous bats as
they prefer to forage near intact forests and not open pasture (Vulinec, 2013). Where
as Silva et al. (1996) observed small (<50 g) frugivorous birds distributing small seeds
in abandoned pasture. These birds often use remnant trees, within the abandoned
pasture, as perches which has been shown to lead to a high number of seeds present
in the micro-climate underneath the canopy of these shrubs and young trees (Nepstad
et al., 1996).
2.3.4 Geometries of regenerating areas
The rate of forest recovery towards a mature forest state is often determined by the size
and dimension of cleared areas. These factors determine their proximity to seed sources
within mature forest. Fragmentation of forest habitat occurs when forests are cut down
in a manner that leaves small, isolated patches of intact forest (Sahney et al., 2010).
It is considered a major driver of biodiversity loss (e.g. ArroyoRodr´ıguez et al., 2012;
Tabarelli et al., 2012; Bregman et al., 2014) and disrupts seed dispersal and colonisation
(Collingham and Huntley, 2000; De Melo et al., 2006). The size of the disturbances
is important for seed dispersal however, Aide and Cavelier (1994) reported almost no
dispersed seeds in pastures only 20 m away from the nearest forested patches which
were 0.1 ha to 3.3 ha in size. Whilst in smaller cleared fragments, <1 ha, external seed
rain compensates for 65% of fragmentation (Laurance et al., 2011).
Increased fragmentation leads to a greater area of forest edge. At this interface between
the dense forest and pasture or road, edge e↵ects can be detrimental to forest structure
and growth. Edge e↵ects include higher dessication through alteration of the forests
microclimate (Kunert et al., 2015) and an increased mortality rate (Laurance et al., 1997),
particularly of species intolerant of abundant light conditions whilst light demanding
species and r-selected species (an emphasis on high growth rate and many o↵spring)
are favoured (Tabarelli et al., 2012).
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2.4 Anthropogenic influences on tropical
rainforests
Understanding anthropogenic influences is fundamental to determining the pathway
followed forest regeneration i.e. secondary forest growth and succession (Orihuela-
Belmonte et al., 2013). These influences may be defined by the type of clearance
and subsequent land use practices. The method by which the primary, or secondary,
forest is cleared, is in part responsible for the recovery rate of the forest (Watt et al.,
1997; Nortcli↵, 1998). A number of methods are employed to clear forests in the BLA.
Traditional ‘slash and burn’, in which vegetation is cleared manually before burning the
cut material in situ., is practised on a small scale. Tractor and chain, involves a chain
being dragged across an area to uproot the vegetation and is used to clear larger areas
(>5 ha) (Alves et al., 2009). Logging is either complete removal of trees or selective
removal of high value individual trees. The latter clearance method may involve heavy
machinery in implementation.
These methods may be used in combination over a period of time. The intensity
and frequency of anthropogenic clearing determines subsequent regrowth of the forest
(Laurance et al., 2006; Barlow et al., 2012; Araga˜o et al., 2014). Selective logging may
only occur once where as ‘slash and burn’ may be used repeatedly. Following clearance
of the primary or secondary forest the type of land use and the intensity with which
it is practised can alter the pathway of succession and AGB accumulation (Mesquita
et al., 2001; Lucas et al., 2002). There are several land use practices on cleared land in
the BLA.
Small-scale agricultural practices such as shifting, or swidden agriculture, account for
10 million ha of land cover in the BLA (INPE, 2011). This sustains half a million
people and provides approximately 80% of the region’s food production (Serra´o, 1995).
It is predominantly a cyclic subsistence farming method, widely used throughout the
tropics. It involves cutting and burning of small patches of forest, followed by several
years of crop cultivation. This is succeeded by a period of fallow during which the forest
regenerates. Fallow phases between crop cycles are important for the regeneration of
forest vegetation and accumulation of soil nutrient stocks (De Rouw, 1995).
CHAPTER 2. BACKGROUND 23
Cattle grazing is a relatively modern practice in South America and the BLA (Kent,
2006). More than 80% of the rainforest that is cleared in the BLA provides pasture for
cattle ranching (Nepstad et al., 2009). The Brazilian heard is still increasing from 147
million head of cattle in 1990 to ⇡ 200 million in 2007 (Bowman et al., 2012). Clearing
of rainforest for crops in the BLA accounted for 7% of land cover change between 1980
and 1995 (Cardille and Foley, 2003). These may include sugarcane, soybeans, maize or
tree crops such as oil palm.
In addition to land use type, the duration for which a parcel of rainforest is kept clear
for crops or grazing is fundamental in determining is ability to recover (Uhl, 1987).
Swidden agriculture may use the same piece of land for three to seven years before
being abandoned (Jakovac et al., 2015).
2.5 Forest regeneration following anthropogenic
disturbances
A variety of human activities are responsible for the clearing of primary forest. Included
in these are mining; plantation development; cattle ranching; commercial agriculture;
subsistence farming; selective and clear-cut logging; large scale hydroelectic projects;
planned and unplanned settlements and the development of supporting infrastructure
(Kirby et al., 2006; Rudel et al., 2009; Barona et al., 2010; Lenzen et al., 2013; Barber
et al., 2014). These disturbances encompass a variety of clearance methods and
subsequent land use varying in intensity and extent. Secondary forest forms as a
consequence of abandonment of these lands impacted by humans. Typically, the first
15 years of growth development in SF are characterized by rapid biomass accumulation
up to 100 Mg ha 1 (Brown and Lugo, 1990); after 15 years forest stands may diverge
in the amount of biomass accumulation. This has been related to the history of
disturbance. For example, Kellman (1970) found that slightly disturbed sites had higher
biomass than severely disturbed sites. Large areas of forest considered to be primary or
mature may be late secondary forests generated after historic land use practices such as
shifting cultivation (Richards, 1955; Budowski, 1970; Go´mez-Pompa and Vazquez-Yanes,
1974).
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2.5.1 Selective logging
Between 1999 and 2002 the area of land subjected to selective logging rose from 12,075
to 19,823 km2 in the top 5 timber producing states of Brazil (Asner et al., 2005). The
main disturbance associated with selective logging comes from peripheral activities e.g.
access roads and the removal of timber. The practice increases fire risk and reduces leaf
litter nutrient content and mean canopy height (Villela et al., 2006). Regeneration in
a↵ected areas is analogous to that which occurs in natural gaps in the canopy (Toledo
et al., 2011b). However, West et al. (2014) showed that after 16 years of regrowth, areas
logged using these methods had only recovered 77% of their original AGB compared to
reduced impact methods which recovered 100%, similar to natural gaps.
2.5.2 Regeneration associated with shifting agriculture
Cleared land parcels rapidly lose productivity as the land is depleted of nutrients (Neill
et al., 2013). In shifting agriculture the cycle is repeated, i.e. the plot is recultivated,
after 1 to 12 years (Scatena et al., 1996). The fallow period allows rapid build-up of
SOM (Don et al., 2011) and valuable nutrients (Szott et al., 1999). However, Sirois
et al. (1998) concluded that the nutrient content of the soil decreased over an 8-year
fallow period.
Growing populations have increased demand on these areas to sustain productivity.
This has resulted in a less time between rotations and a reduction in productive capacity
(Laurance et al., 2014; Palm et al., 2013). This causes further implications as the
utilisation of marginal lands, which may not have been previously considered, increases
(Laurance and Balmford, 2013). Such land often has steep slopes; poor drainage or
nutrient poor soil. Regeneration on these lands will be slower than in other secondary
forests (Feldpausch et al., 2004).
Nutrient limitation is a feature of Amazonian secondary forests where fire has been
used to clear and manage vegetation, e.g. ‘slash and burn’ agriculture. Fertility is
greatly reduced as soil minerals (nitrogen, sulphur, phosphorus, potassium, calcium
and magnesium) are volatilised during burning (Mackensen et al., 1996; Sommer et al.,
2000; Davidson et al., 2004). Much of the soil organic matter, sometimes up to 25%
(Whitmore, 1990) is lost when fire is used as a clearance and management method.
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In addition to nutrient loss during burning, productivity diminishes as soil acidity
increases. This occurs as aluminium (Al) becomes more soluble as cations are depleted.
Phosphorus (P) quickly combines with Al making the P unavailable for plant growth.
Native woody species can often cope with these conditions owing to mycorrhizal
associations with their root systems (De Grandcourt et al., 2004).
Studies of areas previously cleared by ‘slash and burn’ and cultivated under shifting
agriculture have shown the e↵ect of varying land use intensities on the AGB accumulation
in SF. Zarin et al. (2005) found carbon accumulation in the BLA to be reduced by
half after five burns (an intensive fire regime) compared to sites where fire hadn’t been
used as a clearance tool. At sites in central Amazonia which were subject to first-cycle
‘slash and burn’ and long-term land use, biomass accumulation was in the form of a
saturation curve. This indicated rapid initial biomass accumulation followed by a slow
down later in succession (Gehring et al., 2005a). Biomass accumulation was reduced
by 5 - 35% at long-term use sites which had gone through a second cycle of ‘slash and
burn’ or extended cultivation (Uhl, 1987).
Hughes et al. (1999) found that carbon pool sizes were negatively correlated with
the duration of the land use prior to abandonment. Kau↵man et al. (2009) found
similar relationships between biomass stocks and accumulation rates with the length of
cultivation period. Eaton and Lawrence (2009) noted a similar relationships with the
number of cultivation cycles. Along with the age and region it significantly a↵ected
the carbon stocks in live AGB and coarse woody debris, the most dynamic and the
second largest pool of carbon. Both of these carbon pools declined with the number of
cultivation-fallow cycles (Eaton and Lawrence, 2009). However, Hughes et al. (2000)
and Steininger (2000) found that two to four cycles of shifting cultivation in Brazil and
Bolivia had no significant e↵ect on the live biomass carbon pool.
In dry years there is often more burning (Mesquita et al., 2001) and less growth. Whilst
in wet years there is less and CO2 output to the atmosphere is lower and growth is
higher. This was noted north of Manaus where SF were subject to di↵erent clearance
histories as a result of wet or dry years. This led to the formation of di↵ering species
compositions or successional pathways (Lucas et al., 2002; Mesquita et al., 2001).
E↵ects of the previous land use were manifested in structural di↵erences when compared
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to undisturbed mature forest. At first-cycle regrowth sites 60% of the biomass was found
in single stem plants whilst only 31% of the biomass present in recovering long-term
use sites was constituted of single stems (Gehring et al., 2005a). Long-term land use
can result in a higher biomass share of lianas; lower biomass share of palms and very
high biomass share of multiple-stem plants. The latter of which can be linked to an
increase in vegetative resprouting (Mesquita et al., 2001, 2015).
2.5.3 Regeneration on clear felled logging areas
Clear fell logging is predominantly carried out for timber extraction. This land use has a
low frequency of clearance as the large trees can only be felled once. Following clearing
the subsequent land uses can vary. The cleared land is sometimes turned into cattle
pasture which can result in further clearing and weed control through burning (Uhl
et al., 1988). Crops are often planted and this can involve tilling of the land by heavy
machinery. Generally the regeneration following abandonment of these lands is then
commensurate with the successions described below. However additional compaction
through the use of heavy logging machinery may further inhibit successful regrowth
(Asner et al., 2004).
2.5.4 Regeneration on cattle pasture
Cattle ranching is sometimes unprofitable owing to external market forces (Mesquita,
2000; Sire´n, 2007) resulting in grazing land being abandoned after a few years. Natural
vegetation re-colonises the area from any remaining seed trees (Whitmore, 1990). This
regeneration is limited by soil water availability; nutrient deficiencies and denuded seed
and seedling banks (Comita and Engelbrecht, 2009; Mesquita et al., 2015). ‘Slash and
burn’ methods are often used in initial clearing the forest for cattle pasture and periodic
weed control. Grazing can lead to an increase in SOM; soil carbon and pH (de Moraes
et al., 1996; Neill et al., 1996). SOM is important for: soil structure and porosity which
determine water infiltration rate; moisture holding capacity; diversity and biological
activity of soil organisms; and plant nutrient availability (Bot and Benites, 2005). SOM
is positively correlated with AGB accumulation following conversion (Laurance et al.,
1999). The pH was found to be 1–2 units higher in pastures that were three to twenty
years old compared to levels in primary forest (de Moraes et al., 1996). Typical pioneer
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genera such as Vismia and Ceiba are adapted to a pH that is up to 2.5 units less than
that found in these pastures (Menyailo et al., 2003).
Soil condition and surface drainage decreases with pasture age. This is often the result
of compaction which reduces air spaces within the soil and makes it more impermeable.
This reduction of aeration and oxygen di↵usion decreases microbial activity and the
turnover of carbon and nitrogen. Compaction can lead to increases in bulk density
which in turn raises the soils resistance to root penetration (Martinez and Zinck, 2004).
Soil erosion, linked to a reduction of the vegetation cover, is evident in cattle pasture
leading to nutrient leaching during high rainfall (Nepstad et al., 1990, 1996). Despite
these limitations BGB is recovered faster on abandoned cattle pasture than on sites
subjected to shifting agriculture (Martin et al., 2014).
Some pioneer tree species, such as Cecropia are unable to regenerate vegetatively after
cutting, e.g. grazing by cattle. Therefore it is dependant on the seed bank and dispersal
from primary forest to re-establish. In contrast to Vismia and other resprouter species
(Mesquita et al., 2001; Norden et al., 2011; Williamson et al., 2014). It could be argued
therefore that this denudation of the seedling bank is be responsible for limiting species
diversity in early successional stands. Secondary forests regenerating after repeated
burning an mechanical clearance of tree roots before being turned into cattle pasture
only accumulated 5% of that in sites that were abandoned almost immediately (Uhl
et al., 1988).
Studies, such as those by Mesquita et al. (2001); Feldpausch et al. (2004, 2007); Norden
et al. (2011); Williamson et al. (2014); Mesquita et al. (2015), have demonstrated
that SF regenerating on cattle pasture accumulated AGB at a slower rate than forest
regenerating on areas which had been clear cut or subject to ‘slash and burn’. The
same was true for the recovery of other stand properties such as basal area and species
diversity
2.5.5 Regeneration on croplands
It has long been a misconception that tropical rainforest soil fertility in the BLA would
be sustainable for the cultivation of crops after removal of the forest. In some parts
this has led to a shift towards large scale agriculture (Carvalho et al., 2002; Simon and
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Garagorry, 2005; Morton et al., 2006; Buys, 2007; Barona et al., 2010). A continuous
cycling of nutrients into biomass above the ground gives the impression of a productive
system. Removal of the original forest cover curtails the nutrient cycle between the
soil and forest canopy. These are highly weathered soils which require continuous
addition of nutrients to sustain their fertility for the production of crops as soil carbon
is depleted (Steiner et al., 2007). This fall in productivity leads to abandonment (Silver
et al., 2000a), allowing the regeneration of natural vegetation. However, the tree species
diversity and AGB in the secondary vegetation is limited by cultivation practices, e.g.
SF derived from abandoned co↵ee plantations, were less species rich than those derived
from agriculture as only those species used as shade trees prevailed (Brown and Lugo,
1990). Few other studies have focused on the regeneration of forest cover after this land
use.
2.6 Remote sensing of tropical rainforests
Remote sensing of tropical rainforests is capable of providing systematic, repetitive
and consistent observations on a range of forest resource information. This includes
information on forest extent and change dynamics; forest type and forest biophysical
and biochemical properties. The greatest spatial and temporal coverage is a↵orded to
spacebourne optical and synthetic aperture radar (SAR) sensors such as the Landsat
programme and JAXAs JERS-1, ALOS and ALOS-2 satellites. More recently, space-
bourne LiDAR has made estimations of height and biomass possible at similar spatial
scales (e.g. Saatchi et al., 2007). Details of studies which utilise remote sensing in
tropical rainforests are shown in Table 2.5.
With the availability of long term observations, such as Landsat Multispectral Scanner
System (1972) to Landsat Operational Land Imager (present) it is possible to study
change over >40 years (Fickas et al., 2015; Vogelmann et al., 2016). Various change
detection methods have been used in conjunction which such datasets. Bi-temporal and
multi-temporal change analysis is the direct comparison of pairs of images, or multiple
images, or characterizations (Coppin et al., 2004). In these methods, change is quantified
through image or characterization contrast (Hansen and Loveland, 2012). These methods
are prone to the multiplication of errors in each individual characterization. However
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Table 2.5: Examples of studies which utilise remote sensing data to characterise tropical
rainforests.
Examples Sensor type Tropical rainforest
property
Dubayah et al. (2010); Saatchi
et al. (2011a); Baccini et al. (2012)
LiDAR Canopy height and
biomass
Girardin et al. (2010); Jordan et al.
(2013); Hilker et al. (2013); Cleve-
land et al. (2015)
Optical Productivity
Esp´ırito-Santo et al. (2014); De-
Vries et al. (2015); Moore et al.
(2016)
Optical and SAR Disturbance
Shimada et al. (2011, 2014);
Hansen et al. (2013); INPE (2013);






Englhart et al. (2011); Dinh et al.
(2012); Minh et al. (2014)
SAR Biomass
Cutler et al. (2012); Fedrigo et al.
(2013); Hame et al. (2013)
SAR and Optical Biomass
Huete et al. (2014); Saleska et al.
(2016); Zhu et al. (2016)
Optical Canopy health
these issues is can be reduced through the consideration of joint probabilities of land
cover change (Caccetta et al., 2007) and the use of a continuous index as a basis for
comparison (Masek et al., 2008).
It is possible to characterise forest loss through the use of all spectral inputs in the
times series. The combination of optimal single date imagery, or composite imagery,
from both time periods, in the same feature space was used to characterise forest cover
change in European Russia, Congo and Indonesia (Broich et al., 2011; Potapov et al.,
2011, 2012). Such methods often provide di culties in labelling change classes (Hussain
et al., 2013) and do not provide a complete change matrix (Jensen, 2005).
The use of spectral vectors or change indices from a reference state does not rely on
the characterization of all areas in the latest image. Only those areas of change are
identified by interactive thresholding (Xian et al., 2009). Each pixel value is treated
as a vector and change vectors are calculated by subtracting vectors for all pixels at
each date (Lambin and Strahlers, 1994). The type of change is shown by the direction
of the vector and its magnitude by the vector length. This method is limited by the
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requirement for all remotely sensed data to be from the same phonological period (Chen
et al., 2003).
2.7 Forest growth modelling
There are several methods of modelling the growth of a forest. Yield tables and empirical
models are frequently used in plantation management (Yaussy, 2000). A yield table
is a tabular statement which summarizes, on a per unit area basis, all essential data
relating to the development of a fully-stocked; regularly thinned; even-aged crop at
periodic intervals covering the greater part of its useful life (Vanclay, 1994). Plantation
managers have access to repeated measurements of variables, such as diameter at breast
height (DBH) and height, from trees on permanent plots. These parameters are a result
of tree growth processes that can be empirically modelled to determined future timber
values. As these empirically based models can only be developed using an extensive
time-series and, occasionally, chronosequence forest inventory datasets (Silva, 1989;
Nee↵, 2005; Nee↵ and dos Santos, 2005; Alder and Silva, 2012), they are only applicable
to the location or vegetation type of the data from which they were developed. There
are extensive networks of field plots in primary forest in the BLA e.g. RADAMBRASIL,
LBA and RAINFOR (Saatchi et al., 2007; Lefsky et al., 2005; Malhi et al., 2002). Such
comprehensive datasets are not available for secondary forests in the Brazilian Amazon,
although a few, spatially clustered datasets, exist (e.g. Laurance et al., 2011). To
overcome these knowledge gaps, process-based models (PBM) have been implemented
at the regional scale e.g. CARLUC (Hirsch et al., 2004) and 3-PG (White et al., 2006).
Although these models often have extensive parameter sets (>50 parameters) their base
in physiological processes allows them to be applied across di↵erent forest types and
climates.
A variety of models have been developed to describe forest growth in terms of the
physiological and physical processes that govern CO2 uptake by photosynthesis and
losses by respiration. These models operate from the level of leaf-scale processes, e.g.
the Windows Intuitive Model of Vegetation response to Atmospheric and Climate
Change (WIMOVAC) (Humphries and Long, 1995), to those at the ecosystem scale,
e.g. the Global Production E ciency Model (GloPEM) (Cramer et al., 1999). These
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models are adaptable and therefore applicable across di↵erent sites, often with little or
no alternation (Almeida et al., 2003). However they have a tendency to oversimplify
biological processes such as respiration (Gillooly et al., 2001).
These models are capable of simulating canopy processes, water usage, nutrient budgets,
mortality, recruitment and dynamic biomass partitioning (Running and Coughlan, 1988;
Running and Gower, 1991; Landsberg and Waring, 1997; Yaussy, 2000; Me´nard et al.,
2002; Almeida et al., 2007a). These attributes allow such models to be used in the
estimation of the impact of future changes in climate (Prentice et al., 1993; Keane et al.,
2001; Lasch et al., 2002; Fischer et al., 2014); management practices (Peng et al., 2002;
Monserud, 2003; Battaglia et al., 2004); logging (Ko¨hler, 2000); fire regimes (Scheller
and Mladeno↵, 2004; Hogg and Wein, 2005); and succession (Doyle, 1981; Huth et al.,
1998; Ko¨hler and Huth, 1998; Dislich and Huth, 2012).
2.8 Summary
Tropical rainforests, particularly those in the BLA, are highly productive environments.
Deforestation during the second half of the twentieth century has led to the formation
of a mosaic of di↵erent land uses. Abandonment of these cleared lands has allowed
natural secondary vegetation to regenerate. The intensity and duration of anthropogenic
influences, i.e. clearance method and subsequent land use practices, determine the rate
of recovery of the forest.
Chapter 3
Study sites
3.1 The Brazilian Legal Amazon: an overview
The legal definition of the extent of Amazon rainforest in Brazil is the Brazilian Legal
Amazon (BLA, upper left: 73°59’37.01”W, 5°16’18.00”N, lower right: 43°41’49.24”W,
18°7’42.75”S, Figure 3.1), the socio-geographic division that contains nine states in the
Amazon basin (Laurance et al., 2001): Roraima, Amapa´, Amazonas, Para´, Maranha˜o,
Acre, Rondoˆnia, Mato Grosso and Tocantins.
The climate of the region is characterised by consistently high air temperatures and
seasonal precipitation. Air temperatures range from 20 to 31 ￿ annually across the
Amazon basin, with fires often occurring during the drier months of September and
October (Mesquita et al., 2001). Annual average precipitation ranges from 1200 to 3000
mm across the region. The wet season occurs between December and May with ⇠70 %
of the annual precipitation falling in this period.
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Figure 3.1: Brazilian Legal Amazon (dark grey area in bottom left insertion) in
comparison to the whole of Brazil (light grey). The locations of the three study sites;
Manaus, Santare´m and Machadinho d’Oeste (M. d’Oeste), and major rivers within the
Brazilian Legal Amazon are shown in the main figure.
Solar radiation is one of the main drivers of vegetative growth (Dong et al., 2012).
Insolation, the amount of solar radiation reaching a given area, is dependant on latitude
and cloud cover in the Amazon basin (Myneni et al., 2007). The equatorial latitudes of
the study sites results in a similar number of daylight hours throughout the year. The
lowest insolation (15.9 MJ 2 day 1) occurs in the wetter months from December to May
when cloud cover is greater. Santare´m has consistently higher levels of solar radiation
(from 16.3 to 22.0 MJ 2 day 1) than Machadinho d’Oeste and Manaus. Peak solar
radiation occurs in September at Manaus and Santare´m whilst Machadinho d’Oeste
experiences peak radiation in July (Figure 3.2).
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Figure 3.2: Incident global solar radiation measured at the three study sites located
across the Brazilian Amazon (Stackhouse, 2015).
Geology and soils of the region determine the distribution of forest types (Feldpausch
et al., 2012). The BLA is comprised of a Precambrian basement of igneous and metamor-
phic rocks overlain by Tertiary to Quaternary sedimentary sequences deposited by the
Amazon River. The sedimentary deposits are primarily sand and clay (Negreiros et al.,
2009). The erosion of these rocks has produced a diverse range of soils, predominantly
of low fertility (e.g. Oxisols) (ISRIC, 2013).
The topography is predominantly controlled by the geology of the region although its
evolution is due to an interplay of the regions river systems. Topography then influences
forest type distribution through variations in slope and aspect. Dense lowland rainforest
dominates the Amazon basin covering 65.8 % (Carreiras et al., 2006b) of the region
followed by wetland forests (10.8 %) (Hess et al., 2015).
The following sections contain content from Carreiras et al. (2014) of which the PhD
candidate is second author.
3.2 Manaus study area
The first study site, covers an area of 5,042 km2 and is located to the north of Manaus,
the capital city of the Amazonas state (6°5’7.33”W, 2°33’10.59”S, Figure 3.1). Within
the region are two research sites set up by the Instituto Nacional de Pesquisas da
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Amaznia (INPA) and the Smithsonian Institution (SI) Biological Dynamics of Forest
Fragments Project (BDFFP), both established in 1979 (Laurance et al., 2011), and the
forest reserves of Ducke and Egler where INPA conduct the majority of their research
(INPA, 2015). Significant deforestation began in this region following construction of
the BR-174 in the early 1970s which connects the capitals of Amazonas and Roraima.
Most deforestation activity occurred either side of the highway and was primarily fuelled
by agricultural expansion to form pasture land for grazing of cattle (Carvalho et al.,
2002). The opportunity to study the impacts of clearance and forest fragmentation
on biodiversity, as well as of ecosystem services, was recognised and spurred on the
preservation of small fragments (typically less than 2 km2) of primary tropical forest
(Laurance et al., 2011). Many of these fragments became reconnected through rapid
regrowth of forests as these clearances were abandoned from the mid 1980s onwards.
The establishment of new pastures is now, rare and active pastures are a diminishing,
short-lived feature of the region (Carreiras et al., 2014).
In the Manaus region the dry season falls between June and October (Laurance et al.,
2011) when air temperatures reach a maximum of 33 ￿. During the dry season
precipitation is 57 mm per month, increasing to 312 mm per month in the wet season
(Figure 3.3a). During the rest of the year the minimum air temperature is 23 ￿.
Average annual precipitation ranges from 1258 to 3157 mm (Silver et al., 2000b) and is
concentrated between November and May.
Manaus is moderately flat, reaching a maximum elevation of 209 m to a minimum of
15 m. It consists primarily of nutrient poor soils (e.g. Oxisols) (Malhi and Wright,
2004) which are predominantly composed of clay and sand (ISRIC, 2013). Prior to
disturbance in the 1970s vegetation was dominated by primarily dense tropical terra
firme forest (Figure 3.4). The canopy of these forests averaged between 30 and 37 m in
height with emergents reaching heights of up to 55 m, with the understory dominated
by stemless plants (Scariot, 1999). A high diversity of tree species is found in the area,
often exceeding 280 species ha 1 (Laurance et al., 2010; De Oliveira and Mori, 1999)
and above ground biomass ranging from 180–425 Mg ha 1 (Laurance et al., 1999; Vieira
et al., 2003).
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Figure 3.3: Average precipitation (blue), average maximum air temperature (red) and
average minimum air temperature (green) for (a) Manaus, (b) Machadinho d’Oeste and
(c) Santare´m from 1974–2014 (BDMEP, 2014).
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Figure 3.4: Typical dense tropical terra firme forest canopy north of Manaus.
3.3 Santare´m study area
To the east of the Manaus region is the Santare´m study site (54°55’42.32”W, 3°10’4.54”S,
Figure 3.1) covering an area of 1118 km2 and is located approximately 80 km to the
south of Santare´m, the second largest city in Para´ state. The study area is within
the Tapajo´s National Forest, between the Tapajo´s River and the BR-163 highway
connecting Santare´m to the state capital of Mato Grosso. The Tapajo´s National Forest
conservation area was created in 1974 and is now used as a model for sustainable
forest management, including logging activities (van Gardingen et al., 2006; Bacha and
Rodriguez, 2007).
In the Santare´m region the dry season falls between July and October (Varner et al.,
2010) when air temperatures reach a maximum of 32 ￿. For the rest of the year air
temperatures remains above 20 ￿. Average annual precipitation, which is concentrated
between December and May, ranges from 1187 to 2057 mm (Bierregaard, 2001). During
the dry season precipitation is 34 mm per month, increasing to 318 mm per month in
the wet season (Figure 3.3b).
The elevation at Santare´m ranges from 50–240 m. The region has similarly nutrient
poor soils to the Manaus region, with soil type dominated by Ultisol and Oxisols (Keller
et al., 2005; Silver et al., 2000b). Forests are less dense than in the Manaus region, with
a mixture of broadleaf and palm tree species inclduing Aca´ı (Euterpe oleraceae) and
Babau (Orbignya phalerata) (Esp´ırito-Santo et al., 2005) (Figure 3.5). Canopy height
ranges from 30 to 40 m, with emergent trees reaching 50 m. In most cases tree species
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Figure 3.5: Typical forest canopy south of Santare´m in the Tapajo´s National Forest
(Sean McMahon, http://www.nature.org).
diversity exceeds 230 species per hectare (Silva et al., 1985).
3.4 Machadinho d’Oeste study area
The third site, Machadinho d’Oeste, (62°6’27.15”W, 9°32’55.73”S, Figure 3.1) covers an
area of 1,780 km2 and is located within the Machadinho d’Oeste municipality, Rondoˆnia
state. The Machadinho d’Oeste municipality was a settlement project initially set up
by the Brazilian government in 1982, as part of the national development program
Northwest Region Integrated Development Program (POLONORDESTE), however,
rapid development and population growth lead to its autonomy in 1988 (Miranda, 2013).
The majority of people in the municipality are dependent on agriculture for subsistence
and less than half of the population live in urban areas (Miranda, 2013). With such
dependency on the surroundings from a rural community it is not surprising that this
municipality has been undergoing severe deforestation since the settlement was created
in 1982.
The dry season falls between June and September in the region, during which air
temperatures reach a maximum of 33 ￿. Temperatures in the region are above 19 ￿
throughout the year. Average annual precipitation is between 1057 to 3003 mm and is
concentrated between October and May (Bierregaard, 2001). During the dry season
precipitation is 40 mm per month, increasing to 321 mm per month in the wet season
(Figure 3.3c).
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Figure 3.6: Typical open ombrophylous forest south of Machadinho d’Oeste in the Jaru
Biological Reserve (http://www.ecoamazonia.org.br).
Machadinho d’Oeste has an elevation of between 370 m and 90 m. The dominant soil
types found in the region are Alfisols, Oxisols, Ultisols and alluvial deposits (Miranda,
2013). The predominant forest type, prior to any disturbance and regrowth of secondary
forest species, was open ombrophylous forest (floresta aberta), palm trees and lianas
(Departamento Nacional da Produc¸o Mineral, 1978). Canopy heights range between
25 m and 35 m, with emergents trees reaching 45 m. Although biodiversity studies
have not been undertaken in this specific area, similar field sites in the northern and
central areas of Rondoˆnia State have been found to contain approximately 220 species
per hectare (Saloma˜o and Lisboa, 1988; Brown et al., 1995).
Chapter 4
Remote Sensing of Land Cover
Dynamics
This chapter was published in a scientific journal article, Carreiras et al. (2014), of
which the PhD candidate is the second author.
4.1 Introduction
Humans are increasingly changing the dynamics of the Earth system, a↵ecting processes
at various scales (e.g., biosphere, hydrosphere, atmosphere). Climate change is now
considered to be a reality and it would be occurring at a faster rate if several ecosystem
services at the global scale were absent (Falkowski et al., 2000). For example, less than
half of the total amount of carbon dioxide (CO2) released to the atmosphere each year
remains there as it is removed by the terrestrial and ocean carbon (C) sinks (Raupach,
2011). These removal processes, which are basically regulated by ecosystem structure
and function, constitute important environmental services at the global scale.
The role of terrestrial ecosystems in the global C cycle and in determining biodiversity
distributions have been widely recognized in the literature (e.g. Heimann and Reichstein,
2008), with particularly recognition given to the pan-tropical belt (Pan et al., 2011;
Gibson et al., 2011). In the past two decades, two main international conventions have
sought to establish mechanisms aimed at stabilizing greenhouse gas (GHG) concen-
trations in the atmosphere (the United Nations Framework Convention on Climate
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Change; UNFCCC) and protecting biological diversity (Convention on Biological Diver-
sity; CBD). Specifically, the alarmingly high rate of tropical land use and land cover
change (LULCC) (Achard et al., 2002) and resulting biodiversity loss with further
severe consequences for ecosystem function and structure (Hooper et al., 2012) has
driven the UNFCCC to establish several investment mechanisms and market based C
transactions. These are related to the enhancement of forest C stocks and the decrease
of deforestation and forest degradation, while promoting sustainable development in
developing countries (UNFCCC Non-Annex I countries). Such mechanisms include
the UNFCCC Clean Development Mechanism (CDM) initiative and the post-Kyoto
Protocol Reduced Emissions from Deforestation and Degradation (REDD+) program
(e.g. Lederer, 2011). These e↵orts are proving successful in many regions leading to
greater conservation of the intact forests of the Neotropical, Afrotropical, Australasia
and Indo-Malay biogeographical regions (Olson et al., 2001). However, many of the
deforested and degraded lands of the tropics are also capable of supporting forests
and hence, in addition, there is potential to restore some of the ecosystem values (e.g.,
carbon amounts and biodiversity) lost through previous disturbances (Chazdon, 2003;
Cardinale et al., 2012). This capacity depends in part, however, on the history of forest
clearance and land use that has occurred and hence a clearer understanding of the
potential of deforested areas to recover ecosystems is needed.
Brazils National Institute for Space Research (Instituto Nacional de Pesquisas Espaciais,
INPE) has, since 1988, undertaken annual mapping of deforestation within the BLA
using remote sensing data (INPE, 2013), which has been highly variable across the
region. For example, an average deforestation rate of 21,050 km2 yr 1 was reported
between 1977 and 1988, which decreased subsequently to 11,030 km2 yr 1 up to 1991;
from 1991 to 2004 the deforestation rate increased to 27,772 km2 yr 1 (reaching a record
high of 29,059 km2 yr 1 from 1994 to 1995), which followed a decrease to a record low
of 4,571 km2 yr 1 in 2012 (INPE, 2013). Currently, most of the deforested area is under
agricultural use (following disturbance mainly with ‘slash and burn’ practices) but in
many areas, this land has been abandoned and frequently supports forests at di↵erent
stages of regeneration (Davidson et al., 2012).
Several estimates of the deforested land occupied with regeneration have been generated,
mainly from interpretation of remote sensing data, but also using transition modelling.
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Data from the National Oceanic and Atmospheric Administration (NOAA) Advanced
Very High Resolution Radiometer (AVHRR) from 1988 – 1991 were used by Stone et al.
(1994) to generate a land cover map of South America, and subsequently Schroeder
and Winjum (1995) used this dataset to estimate the extent of forest regeneration in
the BLA at ⇠151 ⇥ 103 km2. Fearnside and Guimarases (1996), using a matrix of
annual transition probabilities, estimated that approximately 48% (⇠195 ⇥ 103 km2)
of the deforested landscape in 1990 supported forest regeneration. Lucas et al. (2000)
using NOAA AVHRRR data estimated that ⇠158 ⇥ 103 km2 supported some type
of forest regeneration in the period 1991 – 1994. Cardille and Foley (2003) used a
matrix of annual transition probabilities to estimate that 36% (⇠91 ⇥ 103 km2) of
the area deforested between 1980 and 1995 in the entire Amazon river drainage basin
was in some stage of secondary succession forest. Carreiras et al. (2006b) exploited a
time-series of 12 monthly composite images of the year 2000, derived from the Satellite
Pour l’Observation de la Terre (SPOT-4) VEGETATION sensor, and estimated that,
in 2000, ⇠140 ⇥ 3 km2 of land was occupied by regenerating forests. Nee↵ et al. (2006)
used large-area land cover maps derived from remote sensing datasets to generate
estimates of the distribution of regeneration within the BLA between 1978 and 2002
and concluded that regrowth increased from ⇠29 ⇥ 103 km2 in 1978 to ⇠161 ⇥ 103
km2 in 2002. Using the Landsat archive, INPE (2011) estimated that SF occupied 21%
(740,000 km2) of clear-cut areas in 2010 by identifying the current land use in previously
deforested areas in the annual PRODES deforestation estimates. Whilst providing
information on the extent of regenerating forests at certain points in time, the dynamics
of regenerating forests and the land on which they occupy has only been attempted
using remote sensing by a few studies (e.g. Lucas and Honzak, 2002). However, such
information is needed across large areas as regenerating forests may represent one of
the prime mechanisms by which biomass, biological diversity and ecosystem services
can be restored (Fearnside, 2000; Houghton, 2005; Silva et al., 2011).
In other studies of secondary forest recovery land use history is determined from
questionnaires and interviews with land owners (Mesquita et al., 2001; Uhl et al., 1988;
Jakovac et al., 2015). This approach is applicable in studies where the landowner
is available, as landowners do not always live near their properties. However, this
approach is not an appropriate method for studies of extensive spatial extent where a
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wide diversity of land use histories are present. Frequent satellite observations such as
those provided by Landsat cover a large spatial extent and do not rely on the availability
of landowners or managers. The aim of this chapter was to establish the extent to
which the age class distribution of regenerating forests was determined by the history of
deforestation and subsequent use and management of the land, thereby giving insight
into the potential for forest restoration and conservation into the future. This was
achieved by comparing Landsat sensor data classified into the broad amalgamated
categories of mature forest, non-forest (i.e., agriculture, pasture) and secondary forest
over decadal periods and time-separated by a maximum of four years.
Several measures were used to compare the three areas since the inception of widespread
agricultural practices in the region (1970s for Manaus and Santare´m and 1980s for
Machadinho d’Oeste) up to the present. Deforestation (conversion from mature forest to
non-forest or from secondary forest to non-forest) and regrowth rates (conversion from
non-forest to regeneration), as well as the age of secondary forest, period of active land
use prior to abandonment to regeneration, and the frequency of clearance were used to
assess di↵erences among these regions. The chapter builds on the work of Prates-Clark
et al. (2009) in that the time-series was extended from 2003 to 2011 for Manaus and
Santare´m and a new time-series was generated for Machadinho d’Oeste.
4.2 Data
This chapter utilised existing land cover maps generated by Prates-Clark et al. (2009)
and Carreiras et al. (2014) to expand the time-series spatially and temporally. Figure
4.1 highlights the original research and analysis carried out for this Ph.D, and what
data from other research was utilised.
4.2.1 Existing land cover maps
4.2.1.1 Data
At Manaus, Prates-Clark et al. (2009) used Landsat Multi-spectral Scanner (MSS),
Thematic Mapper (TM) and Enhanced Thematic Mapper Plus (ETM+). This data
was acquired between 1973 and 2003 (path 231, row 62; Table 4.1). The Landsat MSS
data acquired between 1973 and 1983 were only available as hard-copy prints. The
CHAPTER 4. REMOTE SENSING OF LAND COVER DYNAMICS 44
Figure 4.1: Summary of analysis undertaken for this Ph.D and research undertaken
else where. a) Carreiras et al. (2014) and Prates-Clark et al. (2009) b) this Ph.D.
remaining Landsat TM and ETM+ scenes (1985 onwards) were provided in digital
format from both INPE and the United States Geological Service (USGS).
For Santare´m, Prates-Clark et al. (2009) used Landsat TM and ETM+ imagery acquired
between 1984 and 2003 (path 227, row 62). The time-series was extended using Landsat
TM data acquired for each year from 2005 to 2010. Coverage for 2011 was actively
sought but no data with minimal cloud coverage was available.
The time-series classification for Machadinho d’Oeste had not been undertaken previ-
ously. 21 Landsat TM digital images, acquired between 1984 and 2011, were obtained
from the USGS. At all sites, most scenes were una↵ected by substantive cloud cover.
Gaps in the time series ranged between one (70 %) and four years (3 %). A summary
of the Landsat data used is presented in Table 4.1.
Most changes at all three study sites were associated with deforestation for agriculture
and pasture. In addition at Santare´m, extensive wildfires damaged the surrounding
forests in 1992 and 1997. The last fire episode was associated with the 1997–1998 El
Nin˜o Southern Oscillation (ENSO) event.
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4.2.2 Image pre-processing
Landsat images acquired by the USGS were orthorectified and calibrated to units of
spectral radiance (W m 2 sr 1 m 1) and then calibrated to top of atmosphere (TOA)
reflectance using calibration factors and equations provided by Chander et al. (2009).
Images acquired by INPE were processed to TOA reflectance and geometrically corrected
using a third order polynomial and nearest neighbour transformation (Prates-Clark
et al., 2009; Carreiras et al., 2014) in Environment for Visualizing Images (ENVI)
software (Exelis Visual Information Solutions, Boulder, CO, USA). Each Landsat image
was then subsetted to encompass the main area of deforestation and the intersection of
all images in the time series.
4.2.2.1 Image classification
Several classification algorithms were used to generate the best possible discrimination
between mature forest; non-forest and secondary forest at the three sites. At Manaus,
Prates-Clark et al. (2009) used both minimum distance and maximum likelihood
supervised classification algorithms (Lillesand et al., 2014) to generate the time series of
three-class land cover maps for each image up to 2003. Training samples, representing
the main cover types, were defined within a number of target areas identified by field
observations and reference to very high resolution data.
In Santare´m, the Landsat data acquired between 1984 and 2003 was classified using
a fuzzy logic approach that was applied to the original Landsat bands supplemented
by fractional images (shade/moisture, vegetation and soil). Each pixel of the Landsat
data acquired between 2005 and 2010 was classified as one of the three main land cover
classes (described above) using a machine learning classification algorithm, random
forests (e.g. Hastie et al., 2009). As in the case of Manaus, regions of interest of a
given class were drawn over each date when accurate expert knowledge was available to
identify it as belonging to that class. The resulting training dataset was then used by
the random forests algorithm to classify each pixel as MF, NF or SF (Carreiras et al.,
2014).
In Machadinho d’Oeste, all Landsat TM dates were classified using the random forests
algorithm, and the approach that was followed mimicked the one for Santare´m between
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2005 and 2010.
4.2.3 Data used in this chapter
This chapter extended the time-series for Manaus using Landsat TM data acquired for




Image pre-processing for data used in this chapter followed the same procedure as
Prates-Clark et al. (2009) and Carreiras et al. (2014). As with the previous two studies,
each digital image within the time-series for each site was classified into mature forest
(MF), non-forest (NF), and secondary forest (SF), with the second including crops
(herbaceous and woody) and pasture. Areas of water were also mapped and a common
mask was applied to all dates in the time-series.
An object oriented classification (e.g. Johansen et al., 2007) was followed and involved a
decision-rule classification applied within the eCognition software (Trimble Geospatial
Imaging, Munich, Germany). The rule base method used data from the available
Landsat sensor bands as well as data layers derived from spectral indices, namely the
Normalized Di↵erence Vegetation Index (NDVI) and Normalized Di↵erence Water Index
(NDWI). A schematic of the rule set used to classify images aquired for Manaus between
2006 and 2011 is shown in Figure 4.2.
The classification of MF was refined with a cloud-free mask of the MF area obtained
through classification of the most-cloud-free and recent image in the time-series for
each study site. Images acquired on the 31st August, 2011, 29th June, 2010 and 12th
June 2011, for Manaus, Santare´m and Machadinho d’Oeste respectively, were used to
generate the MF mask, on the assumption that the land cover type had remained as
MF for the whole of the time-series. If MF was covered by cloud in earlier images
of the time-series, this was subsequently classified as MF. Table 4.2 summaries the
classification technique used for each image and study site.
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Figure 4.2: Rule structure for classifying Landsat imagery into secondary forest (SF)
or nonforest (NF) back to mature forest (MF).Thresholds were derived on a scene by
scene basis.
CHAPTER 4. REMOTE SENSING OF LAND COVER DYNAMICS 48
Table 4.1: Cloud free Landsat MSS, TM and ETM+ data used in the classification of
the three Amazonian sites by Prates-Clark et al. (2009); Carreiras et al. (2014) and
this chapter. Date format is yyyymmdd.
Manaus Santare´m Machadinho d’Oeste
(Path 231, Row 62) (Path 227, Row 62) (Path 231, Row 67)






19840824 TM 19840617 TM
19850604 TM 19850726 TM
19860729 TM 19860810 TM
19870716 TM 19870712 TM
19880815 TM 19880803 TM
19890802 TM 19890822 TM 19890717 TM
19900809 TM 19900618 TM
19910808 TM 19910711 TM 19910925 TM
19920607 TM
19931020 TM
19941019 TM 19940816 TM
19950920 TM 19951010 TM 19950803 TM
19960720 TM 19960825 TM 19960704 TM
19970727 TM 19970723 TM
19980815 TM 19980624 TM
19990713 TM 19990903 TM 19990729 TM
20000905 TM
20010827 ETM+ 20010916 ETM+ 20010803 TM
20020830 ETM+
20030809 TM 20030829 TM 20030724 TM
20050701 TM 20050713 TM
20060716 TM 20060805 TM 20060716 TM
20070804 TM 20070621 TM 20070703 TM
20080806 TM 20081130 TM 20080806 TM
20090910 TM 20090712 TM 20090809 TM
20100727 TM 20100629 TM 20100625 TM
20110831 TM 20110612 TM
4.3.2 Post-classification
The comparison of the time-series of classified images (as MF, NF, or SF) identified
several cases where some pixels classified as SF or NF in a given date were classified
as MF in the following date. As this sequence is not plausible, in-house Interactive
Data Language (IDL) code (Exelis Visual Information Solutions, Boulder, CO, USA)
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Table 4.2: Three di↵erent classification schemes were implemented in the classification
of the Landsat MSS, TM and ETM+ data available for the three Amazonian sites. The
classification techniques are: M = maximum likelihood or minimum distance, RB =
rule based, FL = fuzzy logic and RF = random forests.
Manaus Santare´m Machadinho d’Oeste
Date Classification method Date Classification method Date Classification method
19730707 M 19840824 FL 19840617 RF
19770731 M 19850726 FL 19860810 RF
19780822 M 19860729 FL 19870712 RF
19790703 M 19870716 FL 19890717 RF
19830709 M 19880803 FL 19900618 RF
19850604 M 19890822 FL 19910925 RF
19880815 M 19900809 FL 19940816 RF
19890802 M 19910711 FL 19950803 RF
19910808 M 19931020 FL 19960704 RF
19920607 M 19951010 FL 19970723 RF
19941019 M 19960825 FL 19980624 RF
19950920 M 19970727 FL 19990729 RF
19960720 M 19980815 FL 20010803 RF
19990713 M 19990903 FL 20030724 RF
20010827 M 20000905 FL 20050713 RF
20020830 M 20010916 FL 20060716 RF
20030809 M 20030829 FL 20070703 RF
20060716 RB 20050701 RF 20080806 RF
20070804 RB 20060805 RF 20090809 RF
20080806 RB 20070621 RF 20100625 RF
20090910 RB 20081130 RF 20110612 RF
20100727 RB 20090712 RF
20110831 RB 20100629 RF
was written to identify these cases by comparing the classification over two consecutive
dates. Where SF or NF areas were classified as such in one year and as MF in the next,
the MF class was reallocated to SF. These areas were not reclassified as NF because it
was assumed that spectral confusion between NF and MF was unlikely (Figure 4.3).
This procedure was similar to that undertaken by Roberts (2002), who also considered
disallowed transitions between cover types.
4.3.3 Deforestation and regrowth rates
Annual rates of change from MF (or SF) to NF (deforestation) and from NF to SF
(regeneration) were calculated for consecutive dates in the time-series using equations
4.1 and 4.2 (Puyravaud, 2003).
r =
1
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Figure 4.3: Process for correcting unlikely transitions from secondary forest (SF) or
nonforest (NF) back to mature forest (MF).
R =
A1   A2
t2   t1 (4.2)
where r and R are the annual rate of change expressed in percentage per year and
hectares per year respectively; A1 and A2 are the MF (or SF, in the case of deforestation
occurring in regeneration areas) or NF cover areas (ha) at time t1 and t2 respectively
(time period). These rates were used to characterize the temporal evolution of change
across the three sites, to detect events (primarily clearance) and describe general
trends.
4.3.4 Age of secondary forest, period of active land use, and
frequency of clearance
Algorithms were written and implemented in IDL to compare the classifications of MF,
NF, and SF between dates. Subsequently, datasets relating to the history and dynamics
of land use, namely the age of secondary forest (ASF), the period of active land use
(PALU) prior to abandonment, and the frequency of clearance (FC) were generated
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for each site and for each year in which an image had been acquired. The ASF was
estimated by summing the time (in years) that each pixel was occupied by SF since
the last clearance event. The PALU was defined as the di↵erence (in years) between
the time of initial forest clearance and the onset of regeneration. However, where
reclearance of regenerating forest had occurred, the PALU was calculated by summing
the period since the last reclearance event until the forest cover had re-established. The
FC was estimated by summing the frequency of transitions from MF (or SF) to NF.
For both the Manaus and Santare´m study areas, fire scars were evident within some
clearances by the lower near and shortwave infrared reflectance compared to the original
vegetated surface (Pereira and Setzer, 1993). However, many burned areas acquired a
vegetated cover quite rapidly (Cochrane, 1998), and so only a partial fire history could
be retained.
To better spatially represent and discuss the main results, classes of ASF, PALU, and FC
were generated and used to assess their temporal evolution. ASF classes were defined as
initial (5 years), intermediate (6–15 years) and advanced ( 16 years). PALU classes
were defined as short (2 years), medium (3–4 years) and long ( 5 years). FC classes
were defined as low (1 time), medium (2 times) and high ( 3 times).
4.3.5 Accuracy assessment and area calibration of the time-
series of classified images
The most recent very high resolution (VHR) imagery was used to carry out the accuracy
assessment of the time-series classifications at each site. As VHR data were not available
to perform the accuracy assessment for all the classified images in the time-series, the
accuracy in the classification of the image that was closest in time was assumed to be
similar for the remaining images. To quantify the accuracy of the 2010 classification
for Santare´m, reference was made to 5 m SPOT-5 panchromatic data from 2009 and
2011 whilst the 2007 and 2010 classifications for Manaus and Machadinho d’Oeste
respectively were validated using GeoEye imagery available on Google EarthTM.
At each site, 200 random points (greater than the minimum suggested by Congalton
and Green, 1999; Lillesand et al., 2014) at the centre of polygons greater than 6 ha
were generated for each class. The points on the classification were compared with the
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VHR imagery from the same date. At Santare´m, it was assumed that if the same land
cover was present in both the 2011 and 2009 image, the land cover in 2010 would be
the same. The accuracy assessment was reported as a standard error matrix, including
the overall accuracy and omission and commission errors (Foody, 2009).
From the same VHR imagery and past field studies of the study sites (e.g. Prates-Clark
et al., 2009; Miranda, 2013), woody agriculture crops established on the deforested
areas were visible. At Manaus, a large area of oil palm was progressively planted in the
north west of the site from the 1983 to 1989, whilst at Machadinho d’Oeste, perennial
crops (mainly co↵ee plantations) were more common. To assess how well the areas of
MF, NF and SF were discriminated using the classification, these areas were delineated
manually from the VHR imagery and used in the generation of the error matrices.
The most straightforward way of estimating total areas for each class is to count the
number of pixels in the MF, NF and SF classes with respect to the ground truth data.
This is called na¨ıve estimation in the remote sensing literature (Gallego, 2004). As a
matter of fact, areal estimates obtained this way are biased (e.g. Walsh and Burk, 1993).
Some post-classification methods have been used to improve these estimates, namely the
so-called calibration techniques, which are divided into classical and inverse methods.
The information contained in the error matrix was used to correct for misclassification
bias (Walsh and Burk, 1993). Walsh and Burk (1993) carried out a simulation study
and concluded that the inverse method consistently performed better than the classical
method and lead to unbiased estimates for total areas. The idea behind this calibration
technique was to use the misclassification probabilities among classes to revise the
proportions given by pixel counting (pi) (Tenenbein, 1972). According to Tenenbein
(1972) and Walsh and Burk (1993), the revised (calibrated) proportion of the total area




[fi + nj)/N ] (nij/nj) (4.3)
where i represents the observed class, j the predicted class, k the number of classes,
n the number of observations in the validation sample, N the combined number of
observations in the validation and satellite datasets, fi the (N-n) in class j, nij the
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number of observations in class i that were classified as j, and nj the sum of all
training observations predicted as class j. This method was applied to calibrate the
area estimates obtained from each date of classified images using the error matrices
that were produced for the three sites.
4.4 Results
4.4.1 Accuracy assessment of land cover classification
The error matrices resulting from the accuracy assessment over Manaus, Santare´m,
and Machadinho d’Oeste are presented in Table 4.3, 4.4 and 4.5 respectively. For all
three sites the overall accuracy was high (above 0.90), although some relatively high
omission and commission errors were identified, especially in Santare´m and Machadinho
d’Oeste. For Manaus, the omission and commission errors were always below 10 %.
For Santare´m, a higher omission error in the SF class was detected (17.0 %), mainly
due to misclassification as MF (11.5 %), which reflects also in the high commission
error in the MF class (10.5%); At Machadinho d’Oeste, a major source of error also
comes from a high omission error in the SF class (28%), with this mainly being a
consequence of misclassification as NF (18.5 %) and to a lesser extent as MF (9.5%); a
high commission error was also observed in the NF class (15.8%), with this being due
to due to misclassification with SF.
Table 4.3: Error matrix obtained from the accuracy assessment of the 2007 land cover
map of the Manaus site (MF mature forest, NF non-forest, SF secondary forest). The
overall accuracy was 0.93.
Classified
Reference MF NF SF Total Omission error
MF 186 4 10 200 0.070
NF 8 185 7 200 0.075
SF 11 2 187 200 0.065
Total 205 191 204 600
Commission error 0.093 0.031 0.083
In Manaus, tree crops (TC, 4,774 ha) was mostly incorrectly classified as SF (89%),
illustrating the similarity in their spectral signatures, but accounted only for 4.4% of
the SF area in 2007 (Table 4.6). However, most of the TC classified as SF in Manaus
was associated with the oil palm plantation situated in the north west of the study site.
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Table 4.4: Error matrix obtained from the accuracy assessment of the 2010 land cover
map of the Santare´m site (MF mature forest, NF non-forest, SF secondary forest).
The overall accuracy was 0.93.
Classified
Reference MF NF SF Total Omission error
MF 196 0 4 200 0.020
NF 0 198 2 200 0.010
SF 23 11 166 200 0.170
Total 219 209 172 600
Commission error 0.105 0.053 0.035
Table 4.5: Error matrix obtained from the accuracy assessment of the 2010 land cover
map of the Machadinho dOeste site (MF mature forest, NF non-forest, SF secondary
forest). The overall accuracy was 0.90.
Classified
Reference MF NF SF Total Omission error
MF 200 0 0 200 0.000
NF 0 197 3 200 0.015
SF 19 37 144 200 0.280
Total 219 234 147 600
Commission error 0.087 0.158 0.020
The majority of TC in Machadinho d’Oeste was correctly classified as NF, although
the overall area was very small (17 ha). Conversely, 70% of the perenially crops (PC,
mainly co↵ee plantations) at Machadinho d’Oeste was misclassified as SF, although
this only accounted for 2.1% the entire SF area in 2010. No woody crops were found in
Santare´m, only annual crops which were correctly classified as NF.
Table 4.6: Area (ha) and relative incidence (RI, %) of perennial (PC) and tree (TC)
crops with the mapped area of mature forest (MF), non-forest (NF) and secondary
forest (SF). Estimates were based on the land cover map closest to the date that was
used to delineate crop types using very high resolution (VHR) imagery. There were no




Area RI Area RI Area RI
Classified (ha) (%) (ha) (%) (ha) (%)
MF 139 0.0 31 0.1 0 0.0
NF 398 1.0 540 0.9 14 0.0
SF 4,237 4.4 1,323 2.1 3 0.0
Total 4,774 1,894 18
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4.4.2 Land cover change
North of Manaus, the percentage of MF decreased from 91% in 1973 to 72% in 2011.
NF (4% in 1973) increased to 9% in 2011 whilst SF, which occupied an area of 5% in
1973, constituted 19% of the area in 2011 (Figure 4.4A). At the time of the first Landsat
observation of the area south of Santare´m (1984), MF occupied 79% of the area with
the remainder composed of NF (2%) and SF (19%) (Figure 4.4B). By 2010, only 46%
of MF was remaining and the extent of NF and SF had increased to 10% and 44%,
respectively. For Machadinho d’Oeste, extensive loss (⇠60%) of MF occurred between
1984 and 2011, from 91% to 32%. The percentage area of NF increased from 1% to 33%
over the same period, suggesting that large areas of deforestation were actively sought
for agriculture and/or pasture. SF caused by prior clearance of primary forests was
around 9% in 1984 and increased to 36% of the total area in 2011 (Figure 4.4C).
For all sites, there was a strong correspondence between the land cover percentage and
time for the MF class, with the rate of MF change as a function of the year decreasing
by an average of 0.54% in Manaus to 1.39% in Santare´m and 2.33% in Machadinho
d’Oeste. At Santare´m (Figure 4.4B), the abrupt decrease in the MF extent between
1997 and 1998 and the associated increase in NF were attributed to the large-area
wildfire in 1997. As this area was then left to regenerate, a rapid increase in the SF
extent was observed between 1999 and 2000 with a corresponding decrease in the NF
proportion. For all sites, a corresponding increase in the area deforested occurred, with
the land cover alternating between NF and SF in all cases. The change rate in the NF
class increased from 0.09% (Manaus) and 0.38% (Santare´m) to 1.29% (Machadinho
d’Oeste) whilst the SF change rate progressively increased from Manaus (0.45%) to
Santare´m (1.02%) and Machadinho d’Oeste (1.04%).
4.4.3 Deforestation and regrowth rates
A summary of deforestation and regeneration rates is given in Table 4.7. The highest
annual rate of deforestation of MF was observed at Santare´m, with a 15.6% yr 1 loss
between 1997 and 1998, with this associated with extensive wildfires in 1997. The
largest single set of deforestation events occurred in Manaus, with 2.9% yr 1 (13,451
ha) cleared between 1983 and 1985. The highest average annual rate of deforestation of
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Figure 4.4: Land cover change (%) across the three selected sites; A) Manaus (1973–
2011), B) Santare´m (1984–2010), and C) Machadinho d’Oeste (1984–2011). Each dashed
line represent the linear fit of the proportion of each land cover class as a function of
the year; also showing are the corresponding equations and coe cient of determination
(r2).(  - mature forest, ⇤ - non-forest, 4 - secondary forest).
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MF was in Machadinho d’Oeste (3.9% yr 1), with an average of 4,142 ha yr 1 cleared.
The highest maximum rates of SF clearance were in Machadinho d’Oeste (88.1% yr 1,
1990-1991) and Santare´m (82.3% yr 1, 1987-1988), with average rates being 19.5% and
16.7% for these sites respectively. The largest area of SF cleared at each site in a single
year was 16,711 ha (Machadinho d’Oeste; 2007-2008), 11,352 ha (Santare´m; 1998-1999)
and 8,453 ha (Manaus, 2008-2009). The highest rates of regeneration were observed
at Santare´m, averaging 78.5% yr 1 with the maximum absolute regrowth expansion
following the 1997 wildfires occurring between 1998 and 1999 (11,726 ha yr 1) and 1999
and 2000 (12,257 ha yr 1). The highest absolute rates of regrowth occurred at Manaus,
with a maximum of 24,738 ha between 2002 and 2003. The lowest rates of regrowth
were at Machadinho d’Oeste, with these averaging 25.82% yr 1. The highest overall
deforestation rates (for both MF and SF) were greatest for Machadinho d’Oeste (7.2%
yr 1), followed by Santare´m (4.9% yr 1) and Manaus (1.4% yr 1). Where high mean
deforestation rates were coupled with a high standard deviation, significant events (e.g.,
fires, deforestation) or processes (regeneration) were indicated. On average, however,
deforestation rates of SF were higher than those of MF, indicating reclearance at all sites
and particularly Machadinho d’Oeste (averaging 19.5% yr 1) and Santare´m (averaging
16.7% yr 1).
Absolute areas (annual or based on periods of observation) are useful when comparing
deforestation and regeneration rates between sites and the processes of change. Several
key indicators are then listed in Table 4.8 together with the dates for each site to
which these apply. For all sites, a trend from indicators a) to f) was observed with
the majority being cleared initially, regenerating forests progressively establishing with
these then recleared to varying degrees, and, of these, several are then abandoned to
regrowth again.
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4.4.4 Age of secondary forest (ASF), period of active land use
(PALU), and frequency of clearance (FC)
Maps of the ASF, PALU, and FC for the last date of the time-series are presented in
Figures 4.5, 4.6 and 4.7 for Manaus (2011), Santare´m (2010) and Machadinho d’Oeste
(2011) respectively and the proportion of areas with respect to these classes is indicated
in Figure 4.8. At Manaus, regrowth forests were comparatively older, with 50% occupied
by forests   16 years; 37% were between 6–15 years and 13% were  5 years (Figure
4.8A). At Santare´m, 57% of forests were aged 6–15 years, with 28% being  5 years and
15% being   16 years. At Machadinho d’Oeste, the area occupied by SF aged  5 years,
6–15 years and   16 years was 46%, 41% and 13% respectively. Hence, the three sites
contain di↵erent distributions of age classes, with this attributable to di↵erences in the
time since deforestation but also the PALU and the frequency of clearance events.
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At all sites, the majority of land has been used actively for  2 years, either following
the initial clearance of the primary forest or subsequent reclearance events, but the
deforestation had commenced at di↵erent times. At Manaus, the PALU was also 
2 years for over 64% of the area and many of the forests had been able to regenerate
undisturbed, with some approaching 40 years in 2011. Some areas had nevertheless
been used for 3-4 years (24%) and   5 years (12%) and had been cleared on one (65%),
two (20%) or three or more (14%) occasions.
At Santare´m, 88% of the deforested area had been used actively for  2 years prior to
the last abandonment, with 5% and 7% used for 3–4 years and   5 years respectively.
This lower age class distribution was attributed to the later date of initial deforestation,
termed here as clearance, but also reclearance of forests, with 53%, 22% and 25% cleared
on one, two or three or more occasions respectively. At Machadinho d’Oeste, the PALU
was typically <2 years (75%) but 16% and 9% of clearances experienced a PALU of 3–4
and   5 years respectively. Again, forests were relatively young because of reclearance
of the vegetation on one (57%), two (27%) and three or more (16%) occasions. Hence,
di↵erent typologies of SF were observed at each site.
To investigate whether the typologies were dependent on the last date of the time-series,
the same analysis was performed for all of the dates in the time-series for the ASF
(Figure 4.9), PALU (Figure 4.10), and FC (Figure 4.11) classes. At Manaus, the
proportion of the area with SF in the  5 year ASF class decreased irregularly from
100% with the onset of regeneration up to approximately 15% in the last date of the
time-series (Figure 4.9A). This pattern was mirrored for the 6–15 year ASF class, which
stabilized around 40% at the end of the time-series. The   16 year ASF class steadily
increased from 23 years after the onset of SF up to around 50% in 2011. At Santare´m
(Figure 4.9B), the proportion of the area with SF in the  5 year ASF class decreased
to around 30% in 2010. This decrease was, however, mirrored by an overall increase
to about 60% in the 6–15 year ASF class. As at Manaus, the proportion of the area
with SF in the   16 year ASF class increased from 15 years following the onset of
regeneration covering approximately 15% in 2010. In Machadinho d’Oeste (Figure
4.9C), the proportion of SF in the  5 year ASF class systematically decreased from
the onset of regeneration (100%) leveling at around 45% in 2011; an opposite pattern
was observed in the 6–15 year ASF class, with a systematic increase since the onset of
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regeneration up to approximately 40% in the last date of the time-series. As in Manaus
and Santare´m, a steady increase in the proportion of area with regeneration in the   16
year ASF class was observed, from 17 years after the onset of regeneration up to around
15% in 2011. By combining the  5 year and 6–15 year ASF classes, a more consistent
but asymptotic increase in the area of SF was observed, with this compensating for the
interplay between these ASF classes which occurs because of reclearance. The general
trend across all sites is a decrease in the proportion of the area with SF in the  5
year ASF class up to the present, with a simultaneous increase in the proportion of the
6–10 and   16 year ASF classes. No asymptotic pattern is visible in the relationship
between the proportion of the area with SF and the number of years following the onset
of regeneration for this variable in the three selected sites.
Accordingly, and as a result of combining the 3-class PALU and FC maps for the last
date of the time-series, a proxy for land use intensity in each site was generated (Table
4.9). At Manaus, of the 65% of land occupied by SF in 2011 that was subjected to
only one clearing event, 41% had 2 or less years of PALU but a significant proportion
(16% and 9%) had a medium and long PALU (3–4 years and   5 years) respectively.
Santare´m is paradigmatic, as almost all land with SF in 2010 that was cleared only once
was subjected to short PALU ( 2 years). Assuming that high FC (  3 times) and short
( 2 years) and medium (3–4 years) PALU will represent a higher land use intensity,
then Manaus had 13% of the area undergoing SF in 2011 in these conditions, while
Santare´m and Machadinho d’Oeste had 20% and 15% in 2010 and 2011 respectively.
In fact, a substantial amount of SF in Manaus established on land that was subjected
to less severe land use management practices, bringing potential benefits for biomass
accumulation and biodiversity restoration.
At Manaus, the proportion of areas where the PALU was  2 years was initially high
(100%) but over time, this area decreased to about 40% but then increased subsequently
to 60%, where it remained constant 32 years from the onset of regeneration (Figure
4.10A). This decrease was associated with an increase in the area that had been used for
3–4 year and   5 years (14–16 years after the onset of SF regeneration). At Santare´m
(Figure 4.10B), the proportion of the area where the PALU was  2 years remained
high, with this suggesting clearance of SF was common practice. The areas where
the PALU was between 3–4 years and   5 years remained relatively low (<5–10%)
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Figure 4.9: Proportion of the area with secondary forest (SF) as a function of the
number of years following the onset of SF for the three classes of age of secondary
forest (ASF) in A) Manaus, B) Santare´m, and C) Machadinho d’Oeste: initial, 5 years;
intermediate, 6–15 years; advanced, 16 years.
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Figure 4.10: Proportion of the area with secondary forest (SF) as a function of the
number of years following the onset of SF for the three classes of period of active land
use (PALU) in A) Manaus, B) Santare´m, and C) Machadinho d’Oeste: short, 2 years;
medium, 3–4 years; long, 5 years.
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Figure 4.11: Proportion of the area with secondary forest (SF) as a function of the
number of years following the onset of SF for the three classes of frequency of clearance
(FC) in A) Manaus, B) Santare´m, and C) Machadinho d’Oeste: low, 1 time; medium, 2
times; high, 3 times.
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Table 4.9: Percentage of area with SF in the last date of the time-series, per combination
of PALU and FC classes.
PALU (classes) FC (classes) Total
Manaus Low (1⇥) Medium (2⇥) High ( 3⇥)
Short ( 2 years) 41 13 10 64
Medium (3–4 years) 16 5 3 24
Long (  5 years) 9 2 1 12
Total 65 20 14
Santare´m Low (1⇥) Medium (2⇥) High ( 3⇥)
Short ( 2 years) 51 20 17 88
Medium (3–4 years) 1 1 3 5
Long (  5 years) 0 2 5 7
Total 53 22 25
Machadinho dOeste Low (1⇥) Medium (2⇥) High ( 3⇥)
Short (2 years) 48 17 11 75
Medium (3–4 years) 5 7 4 16
Long (  5 years) 4 4 1 9
Total 57 27 16
but increased slightly towards the end of the time-series. At Machadinho d’Oeste, the
temporal pattern was similar to that observed at Manaus: a decrease in the  2 year
PALU class followed by a subsequent increase after 10 years following onset of SF with
this corresponding to an increase in the 3–4 year PALU class. After 12–14 years, the
proportion of the area of the  2, 3–4 and   5 years stabilized around 75%, 15% and
10% respectively.
The FC of SF also varied between sites (Figure 4.11). At Manaus, the SF had been
cleared only once until about 14 years after the onset of SF but this proportion decreased,
stabilizing at approximately 65% at the end of the time-series (2011). This occurred
because SF began to be cleared again 15 years after the onset of regeneration and again
after 19 years (i.e., 3 FC events), with these areas stabilizing at approximately 20% and
15% of the area respectively. At Santare´m, SF was cleared within 2–4 years from the
onset of regeneration and continually thereafter. This was reflected in the increase in
the proportion of SF areas cleared twice (after 4 years) and three times (after 7 years)
with these both stabilizing at approximately 20% of the area. At Machadinho d’Oeste,
the proportion of areas with only a clearing event decreased to 55% 28 years after the
onset of regeneration. The second and third FC classes commenced after 4 years and 7
years respectively with the proportions of these remaining relatively constant (25% and
15% of the area).
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4.5 Discussion
4.5.1 Accuracy assessment of the land cover time-series
Several studies carried out in the Amazon have acknowledged some issues in discriminat-
ing SF from MF and, sometimes, NF. Lucas et al. (2000), when assessing the accuracy
of mapping these same three classes in four areas across the BLA with NOAA AVHRR
data, reported omission and commission errors ranging from 55–75% and 51–76%,
respectively. These higher errors were associated with a greater confusion between NF
and SF rather than between MF and SF. Carreiras et al. (2006b) used SPOT 4 VEG-
ETATION data to generate a 5-class land cover map of the entire BLA and reported
an omission and commission error in the SF class of 66% and 43%, respectively. This
was due to confusion between the SF, MF and NF classes. The authors concluded that
the misclassification among SF, MF, and NF was understandable, since from a spectral
standpoint, SF is a transitional class between NF (i.e., agriculture/pasture) and MF;
after deforestation, and following land abandonment. The initial stages of regeneration
are spectrally similar to agriculture/pasture. Conversely, final stages of regrowth are
more related to MF. Although the values reported in Carreiras et al. (2006b) and Lucas
et al. (2000) are much higher than those from this study, the spatial resolution of
the datasets that were used in the two studies (i.e., ⇠1 km SPOT 4 VEGETATION
and NOAA AVHRR) was much smaller than the 30 m spatial resolution Landsat TM
and ETM+ data. The spatial arrangement of SF in the BLA, dominated by small
previously abandoned areas, especially in Rondoˆnia (de Barros Ferraz et al., 2005),
creates an additional di culty when trying to discriminate these from the surrounding
land cover classes with coarse spatial resolution data. Kimes et al. (1999) used 20 m
spatial resolution SPOT High Resolution Visible (HRV) data between 1986 and 1994 to
discriminate MF, NF and SF over a study area located in Rondoˆnia between Porto Velho
and Ariquemes (BR-364 highway) and reported an accuracy of 95% in the SF class with
misclassification happening mostly with the MF class. Metzger (2002) used Landsat
TM data over the Bragantina region (Para´ state) in 1996 to identify agricultural areas,
SF stages (initial and developed) and MF; the reported omission and commission errors
in the SF classes ranged from 8–11% and 7–10%, respectively, with misclassification
occurring mainly from confusion with MF. Vieira et al. (2003) used Landsat 7 ETM+
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data to map di↵erent stages of SF and other land cover classes in Sa˜o Francisco do Para´
(northeastern Para´ state) and reported omission and commission errors between 17–25%
and 22–40%, respectively, due mainly to misclassification among SF stages. Kuplich
(2006) used Landsat TM and SAR data to discriminate SF stages, MF and pasture
in an area north of Manaus (included in our Manaus site) and reported omission and
commission errors in the SF stage classes of 10–99% and 32–80%, respectively, but
those errors decreased when the SF stages were aggregated into a unique class (78%
and 25%, respectively). Although errors are still high in some studies (Lucas et al.,
2000; Carreiras et al., 2006a; Kuplich, 2006), others have been able to discriminate SF
from MF and NF with a high degree of accuracy (Kimes et al., 1999; Metzger, 2002;
Vieira et al., 2003).
A major limitation of this assessment it that only one date (classification) of each time-
series per study area was validated with very high spatial resolution data. Nevertheless,
those dates classified with the random forests algorithm, the 21 Landsat TM images of
the Machadinho d’Oeste time-series (1984–2011) and the post 2003 Santare´m Landsat
TM images (2005–2010), were assessed with a 10-fold cross-validation procedure. In
Machadinho d’Oeste, the average overall accuracy was ⇠98%, the omission errors of
the MF, NF and SF classes ranged from 0.0–4.4%, 0.0–2.1%, 0.7–7.6% respectively,
and the commission errors of the same classes between 0.0–4.2%, 0.0–0.3%, 1.7–7.1%
respectively. At Santare´m, the 2005–2010 time-series of classified Landsat TM data
had an average overall accuracy of 95%, the omission errors of the MF, NF and SF
classes ranged between 1.8–6.7%, 0.0–0.9%, 8.1–16.7%, respectively, and the commission
errors between 3.7–7.5%, 0.0–0.6%, 4.1–13.2%, respectively. Both the omission and
commission errors of the NF class were very low, thus indicating that the major source
of error of the SF class was misclassification as MF.
Prates-Clark et al. (2009) validated the 1995 and the 2001 land cover maps over Manaus
and Santare´m respectively using field-based reference data. For the validation of the
1995 land cover map over Manaus, field data collected in 1995 were used (Lucas et al.,
2002; Lucas and Honzak, 2002) and the authors reported an overall accuracy of ⇠99%,
with omission errors in the MF, NF and SF classes of 0.3%, 3.5%, 1.9%, respectively,
and commission errors of 0.5%, 7.0%, 9.5%, respectively. The major source of error in
the SF class (higher commission error) was misclassification as MF class. At Santare´m,
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field data collected in 2002 (Prates-Clark, 2004) were used to validate the 2001 land
cover map. The overall accuracy was 88%, the omission errors were 2.2%, 1.1% and
4.2% for the MF, NF and SF classes respectively, and the commission errors were 0.6%,
28.8% and 71.9% for the same classes respectively. As SF ages the complexity of the
canopy structure increases (Lucas et al., 2002). This results in the spectral signature
of each forest type to converge as SF ages (Lucas et al., 2002; Carreiras et al., 2016)
and therefore misclassification as MF. The NF class displayed a high commission error
that was related both as misclassification as MF and SF. Higher errors indicated in
Prates-Clark et al. (2009) for the Santare´m site were also depicted in our accuracy
assessment of the 2010 land cover map, although of much lower magnitude.
4.5.2 Di↵erences of land cover change patterns among
sites
Extensive deforestation across the BLA started in the 1970s and concentrated along
the southern and eastern rims of the region (Fearnside, 2005). The main deforestation
drivers were conversion of forest to cropland and/or cattle ranches, which were carried
out both by small farmers and large landholders (Kirby et al., 2006). According to
the data provided by INPE, 2013 (INPE, 2013), the states where the three study
sites are located displayed di↵erent deforestation rates (Figure 4.12). Deforestation
rates were always higher in Para´, followed by Rondoˆnia and Amazonas. However,
since 2003–2005, deforestation rates have been decreasing, with Rondoˆnia experiencing
a rapid decrease leading to values closer to those observed in the Amazonas state.
According to Nepstad et al. (2011) several factors contributed to this decline, namely
the improvement of market-driven environmental governance (e.g., exclusion of activities
leading to illegal deforestation and/or selective logging, widespread implementation
of international certification systems), federal and state intervention through law
enforcement campaigns and enlargement of protected areas; and raising awareness
among small farmers and large-scale landowners to the potential financial compensation
gained from activities leading to avoided deforestation and forest degradation in the
Amazon region. Para´ experienced the highest number of settled families by agrarian
reform in the nine states composing the BLA (⇠31,000 settled families per year in
the period 2003–2006), and the number has been increasing since the 1960s (Pacheco,
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2009). Although the vast majority of deforestation in the BLA can be tracked to large
landholders occupying the land for cattle ranching, the implementation of planned
settlements is not negligible, especially in Rondoˆnia which is known by its small farmers
radial, fishbone and watershed deforestation patterns (Fearnside, 2005). For example,
up to the mid 1990s, the number of settled families in Rondoˆnia was only second to
Para´, with 1,423 settled families per year against 1,462 settled families per year in Para´
(Pacheco, 2009).
Figure 4.12: Deforestation rates since 1988 (ha yr 1) in the Amazonas, Para´ and
Rondoˆnia states according to the data reported by INPE (2013).
The three study areas have di↵erent socio-economic drivers leading to deforestation, dif-
ferent land uses and subsequent regeneration. The Manaus site is mostly included in the
Manaus municipality, although 24% is also included in the Rio Preto da Eva municipal-
ity. This study area basically encompasses an area north of Manaus that is 30 km wide
and 90 km long centered on the BR-174 highway, including the BDFFP and the Adolfo
Ducke and Walter Egler forest reserves, as well as some other environmental protection
areas. Started in 1979, the BDFFP is the single most important and enduring research
project assessing habitat fragmentation (Laurance et al., 2011). As such, it seems
that these conservation areas have been critical at preserving most of the forest in the
region. The conservation units (CUs) limits accessed from the Brazilian Ministry of the
Environment (MMA, available at http://mapas.mma.gov.br/i3geo/datadownload.htm)
were used to estimate the ratio of relative incidence of deforestation (NF + SF) outside
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and inside the CUs in the last date of the time-series for each site. The three sites had a
significant proportion of the area included in the CUs: 43% in Manaus, 37% in Santare´m
and 23% in Machadinho d’Oeste. In Manaus, the relative incidence of deforestation
outside the CUs was twice that inside CUs and in Santare´m and Machadinho d’Oeste
that value increased to five times. In fact, several studies have concluded that protected
areas in the Amazon region are indeed e↵ective at reducing deforestation rates (Nepstad
et al., 2011; Rosa et al., 2013; Nolte et al., 2013). Figure 4.4A illustrates the lower
amount of land cover change in Manaus, with approximately 20% of MF lost between
1973 and 2011, when compared with Santare´m (more than 30% of MF lost between
1984 and 2010) and Machadinho d’Oeste (⇠40% of MF lost between 1984 and 2011).
Deforestation in the Manaus study area started long time ago, in the 1970s, with the
construction of the BR-174 highway connecting Manaus and Boa Vista (the capital
of the Roraima state). Early deforestation is traceable along this highway, many of
which was abandoned as a result of poor soil fertility; indeed, many small farmers
moved to Roraima which was considered to have younger fertile soils (Fearnside and de
Alencastro Grac¸a, 2006). The area of forest in 2011 was approximately 69% and 81%
of the territory of the Manaus and Rio Preto da Eva municipalities respectively INPE
(2013). Figure 4.4A shows that the proportion of MF in the Manaus site decreased
from approximately 90% in 1973 to 71% in 2011, which compares well with the value
reported by (INPE, 2013) for the Manaus municipality.
The Santare´m site is located south of the city of Santare´m, in the Belterra municipality,
along the BR-163 highway, and including part of the Tapajo´s National Forest. This
highway links Santare´m and Cuiab in the south, the state capital of Mato Grosso.
According to Scatena et al. (1996); Brondizio and Moran (2012), this region has
a tradition of agriculture and agroforestry since the early 1900s, which has further
escalated as a consequence of the construction of the BR-163 in the 1970s. In fact,
of the three sites Santare´m had the lowest proportion of MF at the beginning of the
time-series (⇠80%) and the highest proportion of SF (⇠20%), thus suggesting that
deforestation was commonplace in the area in the early 1980s. According to INPE
(2013), approximately 68% of the forest area in the Belterra municipality was remaining
in 2011, which compares with our estimate of 46% of MF in 2010. A vast majority
of the Belterra municipality is included in the Tapajo´s National Forest, mainly the
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part that is west of the BR-163 highway. So, it is not surprising that the proportion
of remaining forest in this municipality is higher than the proportion of remaining
forest in the study area that includes the fraction east of the BR-163 highway that
is not a protected area. The Machadinho d’Oeste (Rondoˆnia state) site is included
mostly in the Machadinho d’Oeste municipality, although 20% overlaps the Vale do
Anari municipality. Of the three sites, this was the one with the highest degree of land
cover change, with a reduction of ⇠60% in the MF cover from 1984 (91%) to 2011
(32%). Deforestation in this region started in the 1980s with the implementation of
settlements by INCRA, of which Machadinho d’Oeste and Vale do Anari are just two
examples (Batistella and Moran, 2005). According to Batistella and Moran (2005), the
proportion of MF in 1988 and 1998 in Machadinho d’Oeste was around 80% and 66%
respectively, which compares with our values of 82% in 1987 (1988 was not mapped)
and 55% in 1998. INPE, 2013 (INPE, 2013) reports an area of MF in the Machadinho
d’Oeste municipality in 2011 of approximately 61%, which compares with our value of
32%. Google EarthTM data from 2013 shows that the areas of the Machadinho d’Oeste
municipality to the east and north of the study area have much less deforestation and
so this is a possible explanation for the higher proportion of MF detected by INPE
(2013) up to 2011 and Batistella and Moran (2005) in 1998. Also, Batistella and Moran
(2005) identified the land cover types occurring in the deforested areas of Machadinho.
In 1988, approximately 2% was covered by SF, the value increasing to approximately
13% in 1998; our study mapped SF in 1987 and 1998 and the proportion was ⇠13%
and ⇠29%, respectively. Our site is located in the Machadinho d’Oeste municipality
that has experienced the most dramatic land cover change since the settlement was
implemented. Therefore, when considering the entire Machadinho d’Oeste municipality,
there are extensive areas to the north and east of the study area that remained intact,
with these covered by MF. Nevertheless, there is a coincident temporal trend that is
the increase of SF from 1988 to 1998.
4.5.3 Land abandonment and the emergence of secondary for-
est
Land abandonment in the BLA is a consequence of a range of factors that have changed
across the last decades since the inception of large scale deforestation in the region.
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Namely these are; reduced crop productivity as a consequence of poor soil fertility;
lack of financial incentives, migratory patterns; non-traditional land uses and market
fluctuations (Perz and Skole, 2003). At Manaus, in 2011, land abandonment resulted in
SF that was comprised mainly of areas with advanced ASF (50%  16 years), although
large areas of intermediate ASF (37% between 6–15 years) were also present (Figure
4.5A and Figure 4.8). This suggests that the conservation areas (BDFFP, forests
reserves of Adolfo Ducke and Walter Egler, and several other environmental protection
areas) were not only e↵ective at preserving MF but also SF areas. As mentioned before,
deforested areas in this study area were abandoned mainly because of poor soil fertility,
with settlers moving to the nearby state of Roraima (Fearnside and de Alencastro Grac¸a,
2006). It is clear from Figure 4.5A that the higher proportion of advanced ASF in
the study area is in the northern half of the site. These areas undergoing regeneration
in 2011 had mostly short PALU (64%) as a consequence of intensification of land use
and requirement for new land, 24% of the area with a PALU of 3–4 years and low
and medium FC (65% deforested 1 time and 20% deforested 2 times, respectively). In
comparison, the study area south of Santare´m, which included parts of the Tapajo´s
National Forest, had regrowth dominated by areas with 6–15 year ASF classes in
2010. Those areas experienced essentially short PALU (88% 2 years) and low (52%
deforested 1 time), medium (22% deforested 2 times) and high (25% deforested 3 or
more times) FC. According to Brondizio and Moran (2012), land abandonment in the
region, and associated regeneration, was high until 1999. At this point, large-scale
soybean cultivation started, mainly because of the decay of primary and secondary
roads, lack of social services, and limited access to water. On the other hand, land
abandonment in Machadinho d’Oeste resulted in SF that was mainly in the 5 year
(46%) and 6–15 year (41%) ASF classes, with these areas experiencing mostly (75%)
2 years of PALU and a FC of 1 (57%) or 2 (27%) occasions. This was a planned
settlement and most of the deforested area is under agriculture and or pasture use,
suggesting that a vast majority of the area undergoing SF could be indeed forest fallow
that might be under cattle ranching use or being subjected to subsistence agriculture
in a crop/fallow cycle (Brondizio and Moran, 2012).
One important aspect worth mentioning is the large proportion of SF in the Santare´m site
that resulted from the 1997 wildfires. This area of regeneration was not the consequence
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of land abandonment but a natural process following fire-induced disturbance. This
wildfire was just one among many others that occurred in the BLA as a consequence of
the 1997-1998 El Nin˜o Southern Oscillation (ENSO) event (Nepstad et al., 1999). In
fact, the proportion of NF in 1997 (prior to the wildfire) was around 6% and in 1998
had increased to approximately 15%, mainly as a consequence of that large wildfire,
perfectly visible in Figure 4.5B as the orange irregular zone of intermediate ASF in the
centre of the study area. As a consequence of the natural regeneration process, the
SF proportion increased to approximately 40% in 2000 (⇠32% in 1997). Therefore,
approximately 20% of the area of SF in 2010 was estimated as resulting from natural
regeneration following that wildfire event. The proportion of the area with SF in 2010
resulting from land abandonment was approximately 36% (the overall value is around
44%).
4.5.4 Implications of prior land use for biomass accumulation
and biodiversity restoration in secondary forests
Regenerating forests in the three selected sites have been classified in terms of ASF,
PALU prior to abandonment and FC. Prior LULCC practices (e.g., ‘slash and burn’
agriculture and pasture) have a fundamental influence on the vegetation regenerating
following land abandonment in the Amazon (Uhl and Jordan, 1984; Uhl, 1987; Uhl
et al., 1988; Buschbacher et al., 1988; Saldarriaga et al., 1988; Mesquita et al., 2001;
Lucas and Honzak, 2002; Chazdon, 2003; Chazdon et al., 2007). Vegetation structure,
species composition and dominance are just some of the parameters of the regenerating
vegetation that have been studied to identify the impact of prior land use practices
(Uhl et al., 1981). As such, these have an impact on the capability of these forests to
accumulate biomass (and to act as a C sink at a greater or lesser extent) and to restore
biodiversity (Zarin et al., 2001).
Uhl et al. (1988) studied areas undergoing secondary succession following pasture
abandonment in Para´ (Paragominas municipality) and identified major patterns related
to prior land use intensity. The authors identified three major pathways related to species
composition, structure and biomass accumulation. Light use sites were characterized by
a lower PALU (0–4 years) and with no reclearance or just one ‘slash and burn’ episode;
CHAPTER 4. REMOTE SENSING OF LAND COVER DYNAMICS 79
moderate and heavy use sites had higher PALU (6–12 years) and with 1–5 clearing
episodes; in addition, heavy use sites have been subjected to large-scale mechanized
operations (e.g., to remove woody debris and control of weeds). Light use sites had high
species richness, with more than 20 species per 100 m2, dominated by pioneer species
of the genus Cecropia, Cordia, Croton, Inga, Solanum, Trema and Xanthoxylum, which
could also be found in the MFs of the region. 8-year old sites had a ⇠13 m closed canopy
and an AGB accumulation rate of 10 Mg ha 1 yr 1, mainly composed of trees (70%),
although vines represented the second major vegetation type. Comparatively, moderate
use sites had lower species richness, although many of the dominant species were the
same (e.g., Solanum spp., Cecropia spp.). Whilst at the 8-year old sites, only a 7–8
m partially developed canopy dominated by Vismia spp. was observed and the AGB
accumulation rate was only 5 Mg ha 1 yr 1. At the heavy use sites species richness was
poor (less than one tree per 100 m2), mainly composed by scattered trees of the genus
Solanum and Cecropia. The 8-year old sites were mainly composed by forb, grass and
sedge species, and the AGB accumulation rate was only 0.6 Mg ha-1 yr 1, around 17
and 8 times less than in light and moderate use sites respectively.
Mesquita et al. (2001) studied regeneration pathways in a region north of Manaus that
is included in our Manaus site (BDFFP) and identified major di↵erences related to
prior land use. Basically, areas that were deforested and abandoned immediately were
dominated by Cecropia spp. trees, whereas those that were abandoned after some years
of pasture use were dominated by Vismia spp. trees. Lucas and Honzak (2002), also
identified two distinct regeneration pathways in a region north of Manaus and in the
same way as Mesquita et al. (2001); the authors identified Vismia spp. dominated
regeneration associated to sites with more intensive land use and those dominated by
Cecropia spp. to less intensive land use. According to Chazdon et al. (2007), in terms
of AGB accumulation, tropical secondary forests are characterized by a rapid growth
rates in the first years after land (agriculture or pasture) abandonment. Zarin et al.
(2001) showed that there is a strong correlation between the AGB of secondary forests
and the number of years following abandonment (i.e., ASF), soil texture and climate
data in the Amazon region. On this pretext, the secondary forests in Manaus have the
potential to accumulate more AGB, followed by Santare´m and Machadinho d’Oeste. In
2011 (the last date of the time-series), Machadinho d’Oeste had approximately 45%
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of the area of secondary forest with less than five years of age, and around 40% with
less than three years of age. Machadinho d’Oeste was initially a settlement project
implemented by the Brazilian government and today most of its people are dependent
on subsistence agriculture (Miranda, 2013). Therefore, it is possible that some of the
area mapped as SF was indeed forest fallow, part of a crop/fallow system of subsistence
agriculture, which have been acknowledged by several studies (Brown and Lugo, 1990;
Lu et al., 2003).
4.6 Conclusions
An accurate assessment of large-scale land use and land cover change dynamics over
remote areas (e.g., Amazon) can only be carried out with an adequate monitoring
system. Remote sensing data, in this case annual or quasi-annual time-series of high
spatial resolution optical data (Landsat program), has proven its ability to accurately
discriminate MF, SF and NF over three sites in the BLA experiencing several decades of
deforestation. Lower deforestation rates and a greater proportion of 6–15 and  16 year
ASF classes were characteristic of the Manaus site. On the other hand, Machadinho
d’Oeste had the highest deforestation rates and lower regrowth rates, with most of its
regeneration occurring in areas abandoned over the past 5 years. LULCC at Santare´m
displayed an intermediate behaviour, with intermediate deforestation rates and the
highest regrowth rates, which lead to regeneration dominated by areas of 6–15 year ASF
class forests. Conservation units were e↵ective at reducing deforestation at all three
sites. The temporal evolution of the spatial arrangement of the various parcels of land
identified as one of the three classes could provide new insights about the fragmentation
patterns in the region (Ewers et al., 2013).
Although several generalizations about the type and composition of secondary forest
occurring in each of the three sites can be made, a correct assessment can only be
made after an in situ assessment. Therefore, the research presented here will provide
the opportunity to assess the influence of previous LULCC dynamics on the biomass
accumulation and biodiversity restoration and further investigate hypotheses related to
di↵erences among the three sites. This work provides the basis for a field campaign to
collect forest inventory data. This will be used to study the influence of prior LULCC
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To determine the e↵ects of prior land use history on above ground biomass (AGB)
accumulation, field based measurements of secondary forests (SF) that have undergone
di↵erent treatments are required. AGB can be determined from diameter at breast
height (DBH, 1.3 m) alone (e.g. Brown et al., 1989) or any combination of DBH with
height or specific wood density (⇢) (e.g. Nelson et al., 1999; Chave et al., 2014). These
parameters can be measured in the field. Basal area (BA) and stem density (stems
ha 1) are useful metrics in understanding secondary forest succession (e.g. Letcher and
Chazdon, 2009; Mesquita et al., 2015). BA is derived from DBH and the total number
of trees measured in the plot.
Variability in sampling design and data collection methods followed by studies investi-
gating SF dynamics is demonstrated in Table 5.1. Forest plot position and size is often
limited in secondary forest studies in the tropics by reliable information on land use
history, soils and accessibility (Table 5.1). A reduction in bias of plot selection and
placement of vegetation inventory plots is important when determining if spatial and
temporal di↵erences are real (Phillips et al., 2002b). Forest plots are commonly 0.2–100
ha in size (Houghton et al., 2001). However, Chave et al. (2004) demonstrated that
the minimum plot size required to provide a significant representation of biomass per
unit area (usually 1 ha) is 0.25 ha. However, there is often a trade-o↵ between the need
to represent the range of forest types or land use histories present and the number of
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individual plots at an appropriate scale that can be measured in single field campaigns.
These constraints can lead to the clustering of plots in accessible locations close to roads
(Phillips et al., 2015). These areas are often subject to greater disturbance frequencies
due to their proximity to roads and linear clearings (Olander et al., 1998; Laurance
et al., 2009).
Table 5.1: Methods of data collection in secondary forests (SF) for studies in changes
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Stand properties, such as average diameter at breast height (avDBH), basal area (BA),
stem density and above ground biomass (AGB) increase with secondary forest age
(Buschbacher et al., 1988; Saldarriaga et al., 1988; Uhl et al., 1982; Uhl, 1987; Uhl
et al., 1988; Brown and Lugo, 1990; Nepstad et al., 1990; Alves et al., 1997; Silver et al.,
2000b; Steininger, 2000; Lucas and Honzak, 2002; Feldpausch et al., 2004, 2005, 2007;
Williamson et al., 2014). The growth rates of these properties vary in response to a
number of factors (Cardille and Foley, 2003), as outlined in Chapter 2. Whilst, stem
density can be altered through stem mortality or self-thinning (Mesquita et al., 2015).
Unsustainable stem density is caused by resource deficit such as drought stress (Phillips
et al., 2010). This can result in a change in other stand properties such as DBH and
BA (e.g. Barlow et al., 2003; Feldpausch et al., 2007).
Secondary forest age can be determined through long term field observations, e.g. in
chronosequences; interviews with land owners or analysis of time series remote sensing
data (Chazdon et al., 2007; DeVries et al., 2015; Wandelli and Fearnside, 2015). However
there is a discrepancy between the start date of SF regrowth between these methods.
Ground based assessments and interviews are complicated by the definition of the
commencement of SF regrowth as woody species begin to emerge whilst a pasture is still
active (Feldpausch et al., 2007). The removal of cattle is used to define age 0 in these
instances. In remote sensing estimates of SF age su cient canopy closure is required
for the detection of woody vegetation with a deviation from spectral indicies values
associated with non forest land cover types (DeVries et al., 2015). This may not be
congressant with the cesation of grazing however it is consistant and repeatable.
Allometric equations for determining AGB are the product of destructive sampling of
each aboveground component of a tree. A relationship is produced between AGB and
measurable parameters such as DBH, specific wood density (⇢) and height. To conduct
destructive sampling of an entire stand is time consuming and logistically problematic,
therefore these relationships are applied using readily available tree parameters. These
are commonly: DBH, height, environmental conditions, such as precipitation and soil
type, and ⇢. Table 5.2 presents models derived from destructive sampling of trees found
in the tropical rainforests of the Neotropics, Africa and Indonesia, demonstrating the
range of parameters used in parameterisation of these allometric models.
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Table 5.2: A comparison of data used to parameterise allometric models commonly
used for AGB estimation in the tropical forests of Amazonia.
Forest type Data Size range (cm)
Biomass model Location Mature Secondary DBH H ⇢ 0–20 20–50 50–100 >100 n
Chave et al. (2014) Pan-tropical • • • • • • • • • 4004
Chave et al. (2005) Pan-tropical • • • • • • • • • 2410
Overman et al. (1994) Colombia • • • • • • 54
Chambers et al. (2001) Manaus, Amazonas • • • • • 315
Higuchi et al. (1998) Amazonas • • • • • 315
Brown (1997) Moist tropics • • • • • 168
Nelson et al. (1999) Manaus, Amazonas • • • • • 132
Uhl et al. (1988) Paragominas, Para • • • • • • 30
Allometric model selection is fundamental to reducing error and uncertainty in forest
resource studies. Henry et al. (2013) developed “GlobAllomeTree”, an open access
international platform and database for tree allometric equations. This was to facilitate
development of new models; improve the evaluation of tree and forest resources and
improve knowledge on tree allometric equations through comparison with existing
models. This ensures that the correct models are used in estimating AGB at a national
level. It is agreed throughout the literature that locally derived models of AGB should
be used where available (van Breugel et al., 2011; Molto et al., 2013; Chave et al., 2004,
2005, 2014). It is also agreed that DBH, H and ⇢ should be included in such calculations
(Baker et al., 2004; Chave et al., 2004, 2005, 2014; Nogueira et al., 2008; Mitchard et al.,
2014; Feldpausch et al., 2011, 2012). The DBH size range and number (n) of trees used
to derive the model is a major source of variation in the AGB output and models should
not be used beyond their range of validity for DBH (Chave et al., 2004, 2005).
Quantifying the error of AGB estimates is fundamental in forest inventory studies such
as United Nations Framework Convention on Climate Change (UNFCCC) Reducing
Emissions from Deforestation and Degradation (REDD+) measuring, reporting and veri-
fying (MRV) activities to provide accurate estimates of forest AGB (Wertz-Kanounniko↵
et al., 2008). It can be estimated through comparisons of repeat measurements (Chave
et al., 2004), or by comparison of destructive sampling data and AGB derived from
allometric equations (van Breugel et al., 2011; Wandelli and Fearnside, 2015). Error
can be classed as either uncertainty, caused by the lack of knowledge of the true value,
or systematic error, which is caused by a lack of accuracy (Gierlinski, 2016). The latter
can be reduced by identifying the causes of this systematic error. Table 5.3 defines the
di↵erent sources of error which propagate through the process of AGB estimation from
parameter measurements to averaging AGB over a plot.
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Table 5.3: Sources of error inherent in estimating AGB from allometric equations.
Adapted from Chave et al. (2004) and Molto et al. (2013).
Step in AGB
estimation
Data Error source Percentage error
Measure DBH, H and ⇢ of
1 tree
quality of data 31% (Chave et al., 2004)
Height model H of 1 tree quality of model N/A
Allometric
model
AGB of 1 tree quality of model 15.8–57.5% (Chave et al.,
2004; Saatchi et al., 2011a;
Wandelli and Fearnside,
2015)
Sum over trees AGB of 1 plot size of sampled
area
5–20% in 1 to 0.1 ha plots









Chave et al. (2004) estimated the total error (47 %) associated with estimating AGB.
This error was a combination of parameters used in allometric equations (31 %) and
the type of allometric equation used (16 %) based on its input parameters, i.e. DBH,
H and ⇢. The error of AGB estimated from allometric equations compared to AGB
derived from destructive sampling gave errors ranging from 18.9 % to 57.5 % north
west of Manaus (Wandelli and Fearnside, 2015).
5.1.1 Outline and objectives
The focus of this chapter was to determine the influence of land use history on the
above ground biomass accumulation and structural properties of secondary forests (SF)
in central Amazonia. This work presents the application of allometric equations to
determine tree height and above ground biomass in SF. The results will be utilised
further in Chapter 6 to parameterise a forest growth model.
5.2 Data
The field data available for this research was collected from the Biological Dynamics of
Forest Fragments Project (BDFFP) and fazendas north of Manaus during 1993, 1995
and 2014 as part of two separate projects.
CHAPTER 5. FIELD DATA ANALYSIS 87
5.2.1 The NERC TIGER Project
As part of the Natural Environment Research Councils (NERC) Terrestrial Initiative
in Global Environmental Research (TIGER) project (Lucas et al., 2002), data was
collected in 1993 from 14 10 m ⇥ 100 m plots located within regenerating forests
primarily at Fazendas Porto Alegre, Esteio, Maringa and Agroman (Figure 5.2). 14
plots of equivalent size were sampled in 1995 (7 of which had been sampled in 1993).
In total, 21 forests were sampled. In both years, the DBH (cm, at 1.3 m above ground
level) for trees   5 cm was recorded and each tree measured was identified to genus and
where possible to species. Where stilts (e.g. as typical to Cecropia species), buttress
roots or deformities occurred at 1.3 m above the ground, DBH was measured at the
first point where the tree cross-sectional outline was regular. Height (m) was estimated
for every 10th tree, measured for DBH, using a SUUNTO clinometer together with
distance measurements (Phillips et al., 1994). The height measurements were limited
to 20–30 trees per plot so that in total, 481 trees selected from all plots were measured
for both DBH and H.
A sampling strategy was not implemented during these field campaigns owing to a lack
of data pertaining to age of secondary forest and extent prior to undertaking fieldwork.
For the purposes of this study, plots which were <50 m from the SF edge or within
areas of MF, as identified in Chapter 4, were removed from the dataset.
5.2.2 Regrowth-BR
Field data was collected from 23 sites for which the period of active land use (PALU)
ranged from <1 year to >6 years and the frequency of clearance (FC) was up to 3 times.
These were stratified by PALU and FC. Several forest plots measured in 1993 and 1995
were remeasured in 2014 as closely as GPS error and clearing between measurements
would allow. The plot size was 20 m ⇥ 100 m. These plots were divided into two 10 m
⇥ 100 m plots with trees with DBH  5 cm included in one half and only those with
a DBH  10 cm included in the other (Figure 5.1). Trees were identified to the genus
and species level where possible. Height was measured for selected trees and all palm
species in each plot using a Vertex hypsometer (Vertex Laser VL400 Ultrasonic-Laser
Hypsometer III, Haglo¨f Sweden) and a laser range-finder (Leica Disto-5). In total 696
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trees selected from all plots in 2014 were measured for both DBH and height. Sites
were located >50 m from the SF edge to account for edge e↵ects (Lopez-Gonzalez et al.,
2011). Sampling followed the procedure detailed by the RAINFOR project (Phillips
et al., 2015). Locations visited in more than one field campaign, within GPS error and
the limits of accessibility, were assigned letters to indicate repeated measurements in
addition to their plot number.
Figure 5.1: Nested plot design used to sample standing live and dead trees north of
Manaus in the Regrowth-BR field campaign, 2014.
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Figure 5.2: Areas of secondary forest located north of Manaus in 2011. Inventory plots
sampled in 1993, 1995 and 2014.
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5.3 Methods
5.3.1 Structural properties
Mean DBH (avDBH), basal area (BA) and stem density were calculated for each plot
in addition to AGB for parameterisation of a forest growth model in Chapter 6. BA
and stem density were calculated from the transect including trees with a DBH  5
cm. The stem density (stems ha 1) is calculated by summing the number of individual
trees (DBH >5 cm) in each plot and scaling up to 1 hectare. BA (m2 ha  1), defined as
the sum of the cross section area of all tree trunks in a plot. BA (m2), was calculated
using:
BA = 0.00007854⇥D2 (5.1)
where, D is the diameter at breast height. This was summed in each plot and scaled to
1 hectare using a scaling factor (sf ) of 10 for trees with a DBH 5–10 cm and 5 for DBH
  10.
BA(m2ha 1) = BA(m2) ⇥ sf (5.2)
5.3.2 Height modelling
The height (m) of a tree is required to determine its volume and therefore the biomass
contained within it. To measure the height of every tree in a plot would be very time
consuming and problematic in dense stands as the highest point of the crown is often
not visible. Allometric relationships have therefore been defined between DBH (cm)
and height. This is achieved by the collection of height and DBH from a representative
subset of the trees in a sample. The relationship derived from these data is then
applied to estimate the height of the entire forest inventory for the purpose of above
ground biomass (AGB) estimations. Many site and environmental e↵ects influence
height modelling (Feldpausch et al., 2012; Lines et al., 2012). Feldpausch et al. (2012)
derived a set of pan-Amazonia height models sub divided into regions by geography
and substrate origin. The region Eastern and Central (E & C) Amazonia encompasses
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the study site and is comprised of old sedimentary substrates derived from the other
three regions from the study.
Tree height was predicted for those trees which weren’t measured in the field using
allometric models of height from regression of observed DBH and height measurements.
Height allometry derived from the Regrowth-BR field campaign DBH vs H relationship
excluded palms and dead standing trees. This model was compared with species specific
allometry (Prates-Clark, 2004) and a model derived from field data collected in Central
(E & C) Amazonia (Feldpausch et al., 2012) (Table 5.4). Prates-Clark (2004) used
DBH and H data from 1993, 1994 and an additional field campaign in 2001 north of
Manaus in the same secondary forests measured by this study. The DBH range of
trees observed in advanced growth stage SF near Manaus often exceeded 40 cm. This
is outside the range of DBH values used by (Prates-Clark, 2004) but not the model
derived by Feldpausch et al. (2012). Using a model that is derived from a dataset of
trees whose DBH range encompasses the entire dataset under investigation, will avoid
the introduction of any inconsistency when switching between the di↵erent models to
account for DBH exceeding the range of the first model. The tree height model which
gave the best representation of the observed tree heights was determined by comparison
with observed data and regression statistics.
Table 5.4: Allometric equations for estimating tree height (H, m) from DBH (D, cm)
measurements tested in this study.
Region Genera Equation DBH range (cm) H range (m) n Source
Cecropia, Pourama H = exp(1.233 + 0.594⇥ ln(D)) 2.8–33.7 4.7–30.2 86 Prates-Clark (2004)
Vismia H = exp(1.695 + 0.455⇥ ln(D)) 3.8–39.2 10.1–30.9 130 Prates-Clark (2004)
Miconia, Bellucia H = exp(1.971 + 0.312⇥ ln(D)) 4.5–24.5 9.6–23.0 67 Prates-Clark (2004)
Goupia H = exp(1.489 + 0.544⇥ ln(D)) 3.2 - 21.6 7.7–24.3 23 Prates-Clark (2004)
Laetia H = exp(1.039 + 0.737⇥ ln(D)) 3.5–22.0 7.3–31.3 49 Prates-Clark (2004)
Byrsonima H = exp(1.107 + 0.662⇥ ln(D)) 41.1–36.6 7.7–36.8 6 Prates-Clark (2004)
Mixed H = exp(1.275 + 0.593⇥ ln(D)) 2.8–48.0 4.65–36.8 481 Prates-Clark (2004)
East and Central Amazonia Mixed H = 48⇥ (1  exp( 0.038 ⇤D0.82)) 10.0–200.0 2.0–55.0 6588 Feldpausch et al. (2012)
5.3.3 Above ground biomass estimation
The Chave et al. (2014) pan-tropical biomass model (Equation 5.3) was selected to
estimate the AGB of each individual tree. This allowed consistent estimates of AGB,
as opposed to applying several locally derived models based on di↵ering DBH ranges in
comparison to the pan-tropical model which used a larger DBH range (Figure 5.3). The
AGB of palm species was calculated using Equation 5.4 (Goodman et al., 2013):
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AGBest = 0.0673⇥ (⇢⇥D2 ⇥H)0.976 (5.3)
AGB0.25est = 0.55512⇥ (DMF ⇥D2 ⇥H)0.25 (5.4)
where D is diameter at breast height (1.3 m above the ground, cm); H is tree height (m),
AGBest is the estimated above ground biomass for one tree (kg), ⇢ is the species specific
wood density (Zanne et al., 2009) and DMF is the dry mass fraction (dry mass/fresh
mass) with an average value for the Arecaceae family of 0.388 (Goodman et al., 2013).
This was summed in each plot and scaled to 1 hectare using a scaling factor (sf ) of 10
for trees with a DBH 5–10 cm and 5 for DBH   10 cm (Equation 5.5).
AGB(Mgha 1) = AGB(kg) ⇥ sf (5.5)
Data analysis was carried out using linear and multi-linear regressions (Zar, 1999) to
evaluate the e↵ects of land use history on estimated AGB and forest stand properties,
avDBH, BA and stem density. To aid comparison with other studies of SF stand
properties, annual increments of avDBH, BA and AGB were calculated as the rate of
increase using the best fit regression models from 0–5 years, 0–10 years, 0–20 years and
0–37 years. To evaluate the di↵erences over time, confidence intervals were applied to
the data after subsetting it into broad land use classes. These were PALU 2 and  3
and FC 1 ⇥ and  2⇥. These analyses were performed in R (Team, 2015).
5.3.4 Outlier removal
Plots were removed from the dataset if they were not representative of secondary forests.
Plots 49 and 53 were removed because of their location in the palm plantation in the
north of the study site and their relative abundance, 20 individuals in each plot, of the
commercial oil palm species Elaeis oleifera (Hartley, 1967) compared to other plots
located in the study site all of which contained zero individuals and were therefore not
representative of naturally occurring SF. Plots 26h and 27h, the same stand measured
twice, contained remnant mature forest trees and was <50 m from mature forest. Plots
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Figure 5.3: Comparison between the locally derived species specific allometric models
for trees found north of Manaus (red line, Nelson et al. (1999)) and the pan-tropical
allometric model (dotted line, Chave et al. (2014)). The locally derived model was only
applied to the DBH range from which it was parameterised. Where height is used to
calculate AGB it is calculated as a function of DBH in the E & C Amazonia model
proposed by Feldpausch et al. (2012).
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5 and 29 were on the perimeter of an INPA BDFFP fragmentation study site and as
a result plot 29 was classified as mature forest in Chapter 4. Plot 5 was <50 m from
the SF edge and as a result contained remnant mature forest trees when compared to
DBH growth rates in the area (da Silva et al., 2002). Plot 45, measured in 1995, was
not encompassed by the area classified in Chapter 4.
5.4 Results
Table 5.5 summaries the age; land use histories derived in chapter 4; sampling year and
estimated structural properties for each plot. Stand age was between 2 and 37 years
(mean = 17, median = 12). Density of stems >5 cm ranged from 880 to 4380 stems
ha 1 (mean = 2012 stems ha 1, median = 1930 stems ha 1). Mean DBH (avDBH)
per plot ranged from 6.3 to 16.6 cm (mean = 11.4 cm, median = 11.4 cm). Basal
area ranged from 2.1 to 58.0 m2 ha 1 (mean = 24.6 m2 ha 1, median = 20.3 m2 ha 1).
Above ground biomass (AGB) ranged from 15.0 to 235.3 Mg ha 1 (mean = 132.1 Mg
ha 1, median = 128 Mg ha 1).
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Table 5.5: Summary of field data gathered from secondary forests located north of
Manaus. Age, PALU and FC are derived in Chapter 4. Stem density, avDBH and
BA only included the transect measuring stems with a DBH  5 cm. Plot 45 was
outside the area classified in Chapter 4. Letters next to plot numbers indicate repeated
measurements of the same plot within GPS error and the limits of accessibility.
Plot ID Year sampled Age (years) PALU (years) FC Stem density (stems ha1) avDBH (cm) BA (m2 ha 1) AGB (Mg ha 1)
1 1993 10 1 1 1750 12.4 27.7 174.1
2a 1993 10 1 1 1250 14.3 26.5 181.4
3a 2014 31 1 1 1400 14.3 22.74 171.9
4 1993 10 1 1 1620 11.6 22.7 138.5
5 1993 1 1 1 1630 12.0 24.4 158.2
6b 1993 10 1 1 1520 12.4 24.5 157.8
7b 1995 12 2 1 1570 12.0 24.6 161.7
8 1993 4 2 2 1330 6.3 4.2 15.0
9 1995 6 2 2 3070 7.9 16.5 59.6
10 1993 10 2 1 2010 10.1 20.2 98.7
11 1993 10 2 1 2660 10.2 26.1 139.2
12c 1993 10 2 1 2350 9.9 23.2 116.7
13c 1995 2 1 2140 10.5 25.22 132.6
14d 1993 8 11 1 2020 10.4 19.9 80.2
15d 1995 10 11 1 1920 10.7 20.6 84.1
16d 2014 29 11 1 1590 14.8 26.1 205.9
17e 1993 16 1 1 2010 10.8 23.7 139.0
18e 1995 18 1 1 1940 10.9 23.1 130.9
19e 2014 37 2 1 1590 14.8 35.5 235.3
20f 1993 8 9 2 2510 8.9 17.6 99.6
21f 1995 10 9 2 2320 9.4 18.7 101.1
22f 2014 29 3 1 1420 15.2 25.1 226.2
23g 1993 10 2 1 2010 10.5 22.2 120.0
24g 1995 12 2 1 1980 10.4 21.5 117.0
25 1993 2 1 1 880 8.7 5.7 32.5
26h 1993 2 3 4 1570 13.0 30.9 174.0
27h 1995 4 3 4 1600 13.9 35.7 208.5
28 1993 7 2 1690 12.9 37.3 216.2
29 1995 1 7 1 2590 9.2 18.7 107.5
30 1995 12 2 1 2030 10.5 22.3 107.1
31 1995 12 7 1 2370 9.7 22.5 114.8
32i 1995 12 6 1 4310 7.8 23.2 88.4
33i 2014 31 6 1 2450 12.5 30.0 195.5
34j 1995 12 7 1 4380 7.9 23.5 86.1
35j 2014 31 7 1 2030 13.3 26.7 179.4
36 1995 12 6 1 2160 10.6 23.8 137.1
37k 1995 12 2 1 2490 9.6 24.1 123.8
38k 2014 31 2 1 1950 12.8 27.5 170.6
39 1995 10 1 2 1570 12.4 23.3 142.0
40 1995 10 5 1 2320 9.5 19.1 77.1
41 1995 12 1 1 1700 10.8 18.9 81.3
42 1995 10 4 2 1490 7.0 6.2 28.8
43 1995 12 4 2 1850 11.9 31.1 174.0
44 1995 12 2 1 1520 11.2 20.8 103.7
45 1995 outside study area 2180 9.8 19.4 83.8
46 2014 31 1 1 2300 13.5 36.8 188.6
47 2014 37 2 1 1600 14.4 28.1 232.6
48 2014 23 1 2 1600 13.1 20.6 149.2
49 2014 19 2 3 1850 16.6 62.7 150.3
50 2014 22 1 2 3370 10.3 28.1 121.8
51 2014 25 2 2 1650 13.5 23.0 163.4
52 2014 25 2 2 1710 10.8 14.8 84.6
53 2014 20 1 2 2370 9.2 15.1 71.3
54 2014 29 9 1 1240 14.9 23.3 162.5
55 2014 22 6 2 1800 12.3 21.8 116.93
56 2014 19 7 2 2470 11.4 25.1 167.67
57 2014 19 4 2 1510 15.2 29.6 185.74
58 2014 29 6 2 1690 12.4 18.6 118.16
59 2014 22 4 2 2550 11.0 22.7 126.87
60 2014 15 2 3 2020 10.7 16.7 89.05
61 2014 22 3 2 1780 12.3 19.4 123.09
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5.4.1 Height modelling
Perfomance of allometric regression moels for estimating tree height was analysed
through comparisons between the observed and predicted tree heights (Figure 5.4). The
species specific height models (R = 0.66, RMSE = 8.3 m) consistently overestimated
the observed data and showed the greatest error when simulating height below 15 m.
The height model derived from the Regrowth-BR data (DBH range = 5.0–84.0 cm, H
range = 2.0–36.0 m, n = 699, Equation 5.6) and the Eastern and Central height model
(Feldpausch et al., 2012) gave better R (0.77 and 0.77, respectively) and RMSE (3.3 m
and 3.5 m, respectively). Therefore, the height model derived from the Regrowth-BR
data was used to estimate the height of trees that had not been measured in the
field:
H = exp(0.33724 + 1.24032⇥ ln(D)  0.13187⇥ ln(D)2) (5.6)
where H is tree height (m) and D is diameter at breast height (cm).
5.4.2 Land use history as a determinant of forest recovery
Changes in stand properties with increasing SF age are illustrated in Figure 5.5.
As PALU and FC were not correlated to each other, they were used as additional
independent variables along with secondary forest age for estimating avDBH, BA and
AGB. In SF stands with ages between 2–37 years, regenerating on abandoned pasture
and agriculture, increases in avDBH were best explained with a linear multiple regression
(r = 0.74, error = 13.2%) using age, PALU and FC as independent variables. However
the mean error of the estimator was the same as the model that only included age as
an independent variable (Table 5.6). Increases in BA and AGB accumulation were best
explained by a log-linear multiple regression (r = 0.70, error = 19.8 % and r = 0.77 ,
error = 24.8 %, respectively) using age with FC for BA and age with PALU and FC for
AGB as the independent variables. Figure 5.6 demonstrates the improved estimation
of AGB by the multiple regression model as independent variables PALU and FC are
added. Age was the most significant predictor in all the models, followed by FC. PALU
was not a significant predictor (Table 5.6). The rate of increase of each parameter is
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Figure 5.4: Goodness-of-fit for the allometric height (H) models. (First row) H as
estimated from each model vs. observed H (n = 696), compared with the 1:1 line (solid
line). (Second row) Relative error (estimated minus observed H, divided by observed H,
in %); the thick red line represents a locally weighted scatterplot smoothing (LOWES)
regression of the data points, illustrating a negative bias for H values <15 m in the
species specfic models and <10 m in the other models tested.
shown in Table 5.7. No appropriate model could be fitted to stem density.
Table 5.6: Regression models for indirect estimates of mean diameter at breast height
(avDBH, cm), basal area (BA, m2 ha 1) and above ground biomass (AGB, Mg ha 1)
of trees with DBH  5 cm in secondary-forest plots with the following independent
variables: age of secondary forest (years), period of active land use prior to abandonment
(PALU, years) and frequency of vegetation clearance (FC). Bold indicates the regression
models that produced the best fit for each forest variable.
Standard error Significance level (p value)
Independent variable Regression equation for mean diameter at breast height (cm) r of the regression Age PALU FC
Age avDBH = 8.43177 + (0.17212⇥ age) 0.73 13.2 % <0.0001 - -
Age and PALU avDBH = 8.64933 + (0.17292⇥ age)  (0.06258⇥ PALU) 0.73 13.3 % <0.0001 >0.1 -
Age and FC avDBH = 9.1399 + (0.1716⇥ age)  (0.5116⇥ FC) 0.74 13.2 % <0.0001 - >0.01
Age, PALU and FC avDBH = 9.34847 + (0.17235⇥ age)  (0.06158⇥ PALU)  (0.50766⇥ FC) 0.74 13.2 % <0.0001 >0.01 >0.01
Regression equation for basal area (m2 ha 1)
Age BA = 5.517 + 6.338⇥ ln(age) 0.61 21.6 % <0.0001 - -
Age and PALU BA = 5.9198 + (6.3872⇥ ln(age))  (0.1444⇥ PALU) 0.62 21.7 % <0.0001 >0.1 -
Age and FC BA = 10.669 + (6.415⇥ ln(age))  (3.923⇥ FC) 0.70 19.7 % <0.0001 - <0.01
Age, PALU and FC BA = 11.0447 + (6.4613⇥ ln(age))  (0.1382⇥ PALU)  (3.9159⇥ FC) 0.70 19.8 % <0.0001 >0.1 <0.01
Regression equation for above ground biomass (Mg ha 1)
Age AGB =  31.17096 + (60.61249⇥ ln(age)) 0.71 26.8 % <0.0001 - -
Age and PALU AGB =  25.893 + (61.251⇥ ln(age))  (1.893⇥ PALU) 0.72 26.7 % <0.0001 >0.1 -
Age and FC AGB = 2.398 + (61.110⇥ ln(age))  (25.563⇥ FC) 0.76 25.0 % <0.0001 - <0.01
Age, PALU and FC AGB = 7.436 + (61.733⇥ ln(age))  (1.852⇥ PALU)  (25.467⇥ FC) 0.77 24.8 % <0.0001 >0.1 <0.01
The best model for indirectly estimating avDBH overestimated the avDBH for all forests
with an avDBH 9 cm (RMSE = 2.7 cm). BA was overestimated below 14 m2 ha 1
(RMSE = 7.3 m2 ha 1). AGB was distributed evenly either side of the 1:1 line (RMSE
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Figure 5.5: Relationship between the estimated stand parameters from trees with a
DBH  5cm DBH and secondary forest (SF) age in 55 SF plots north of Manaus.
Table 5.7: Growth rates of avDBH, BA and AGB estimated from the best fit regression
models (Table 5.6).
Increase per year 0–5 years 0–10 years 0–20 years 0–37 years
avDBH (cm y 1) 0.138 0.158 0.163 0.167
BA (m2 ha 1 y 1) 2.04 1.46 0.95 0.62
AGB (Mg ha 1 y 1) 13.3 10.8 6.4 5.05
= 61.7 Mg ha 1). Poor estimation of the forest stand parameters was inferred when
the residual from the modelled estimate was outside the RMSE range. This occurred
in plots 2 and 57, whose avDBH was greater than others of the same age, and plot 42,
whose avDBH was smaller than others of the same age. For BA and AGB this occurred
in plots 43 and 52, whose BA and AGB were greater than others of the same age, and
plot 42, whose BA and AGB were smaller than others of the same age. All regression
models showed the greatest errors in the lower ranges of their distributions (Figure
CHAPTER 5. FIELD DATA ANALYSIS 99
Figure 5.6: Comparison of log-linear regressions for the indirect estimation of AGB in
secondary forests using di↵erent combinations of age and land use history metrics as
independent variables.
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5.7).
Figure 5.7: Comparison of observed avDBH, BA and AGB with data predicted using
the best fit regression models.
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When subsetting the data by FC a greater r value is achieved between age and BA than
subsetting by PALU. However, avDBH and age have a higher correlation coe cient
when PALU is  3. Subsetting the data by PALU provides the best prediction for stem
density (Table 5.8).
Table 5.8: Comparison in subsetting the data by frequency of clearance (FC) and
period of active land use (PALU, years) on the correlation of independent variables
with secondary forest age using the best fit models regression models. The best r values
for each variable are in bold.
Independent variable
Correlation coe cient (r) for variable in relation to secondary forest age




avDBH 0.72 0.75 0.72 0.78
BA 0.77 0.51 0.69 0.48
AGB 0.80 0.61 0.73 0.74
Stem density 0.02 0.05 0.15 0.34
Despite these di↵erences in r between the two subsets Figure 5.8 illustrates that there is
no statistical di↵erence in estimated AGB between either method of subsetting the data
as evidenced by the overlapping 95 % confidence intervals. This lack in separability
was evident in avDBH, BA and stem density (Appendix Figures A.2 and A.1).
Figure 5.8: Lack of separability of AGB between di↵erent land use history subsets A)
frequency of clearance (FC) and B) period of active land use (PALU). Illustrated by
the overlapping 95% confidence intervals of a linear-log regression.
CHAPTER 5. FIELD DATA ANALYSIS 102
5.5 Discussion
The rate of AGB accumulation was in agreement with the majority of other studies into
SFs. The only exception occurred in the first 5 years where the rate of accumulation in
this study and Feldpausch et al. (2004) (16.4 Mg ha 1 y 1) was more than double that
found in SF regenerating on pasture (5.2 Mg ha 1 y 1) and almost double that found
in SF regenerating on ‘slash and burn’ (8.4 Mg ha 1 y 1) north of Manaus (Wandelli
and Fearnside, 2015). Whilst this chapter and Feldpausch et al. (2004) sampled 0.2 ha
and 0.03 ha, respectively and used allometric relationships based on other datasets to
derive AGB, Wandelli and Fearnside (2015) used destructive methods to create local
allometric equations from which AGB could be estimated for 1 ha plots. In addition, the
land use history for each plot studied by Wandelli and Fearnside (2015) was obtained
from interviews of land owners and their neighbours, although a common technique
(e.g. Uhl et al., 1988; Moran et al., 2000; Kong et al., 2009; Jakovac et al., 2015) this
information is subjective and potentially vulnerable to human error. Land use history
gathered from optical satellite data cannot provide information on land use type and
clearance method as it is limited by the lack of continuous cloud free observations in
the tropics. However, these data are objective and their accuracy can be quantified.
AGB accumulation rates were derived from regression models. In these models under
and over prediction of stand parameters occurred in the tails of the secondary forest
age distribution where there were fewer data points. These errors come as a result of
the plot sampling and stratification. Whilst there was a sampling scheme in place for
the Regrowth-BR field campaign (2014) the initial data collection in 1993 and 1994
was done without prior knowledge of forest age and land use history. This resulted in
clustering of points in intermediate age (10–20 yr) stands. This under sampling of the
extremes of the secondary forest age present may cause misrepresentation of growth
rates in younger and more mature forests.
The rate of AGB accumulation in the first 10 years in this chapter (10.8 Mg ha 1 y 1)
was similar to that observed in SF, with similar light to moderate land use histories,
after 8–12 years of regrowth near Manaus and elsewhere in the BLA (9.1–11 Mg ha 1
y 1) (Uhl et al., 1988; Brown and Lugo, 1990; Steininger, 2000; Feldpausch et al., 2004).
AGB accumulation for the first 20 years (6.4 Mg ha 1 y 1) was similar to SF of similar
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ages (16–20 years) in Rondoˆnia (6.4–7.9 Mg ha 1 y 1, Alves et al., 1997) and two
reviews of SF AGB accumulation up to 20 years (6.17 Mg ha 1 y 1 and 6.1 Mg ha 1
y 1, Silver et al., 2000b; Poorter et al., 2016, respectively).
The rate of AGB accumulation declined over the 37 years of regrowth studied, this
plateauing occurs when the mortality of pioneer trees is balanced by the recruitment
of new trees and higher fractions of the total biomass are invested in non-productive
tissues (Chazdon, 2012). However, after 37 years AGB accumulation (5.05 Mg ha 1
y 1) was still greater than that found in mature forests (3.8 Mg ha 1 y 1) in the study
site (Vieira et al., 2004). Final estimates of AGB after 37 years of regrowth (up to
235.3 Mg ha 1) were 66% of the mean AGB (355.8 ± 47.0 Mg ha 1) of mature forests
near Manaus (Laurance et al., 1999). This is in contrast to Houghton (2010) and
Ramankutty et al. (2007) who suggested that these secondary forests recover 70 % of
their original biomass in the first 25 years. Forests studied in this chapter could take
more than 250 years to reach similar mature forest values of AGB with current growth
rate trajectories.
Stems with DBH 0.1 – 4.9 cm were exclded from this study to allow for complete sampling
of the land use history distribution in the time available. Carreiras (upublished) showed
a consistent (across plot size) between AGB calculated for DBH  10 cm and  5 cm and
DBH and AGB calculated for DBH  20 cm and  5 cm. The slope of the relationship
was similar to the 1:1 line. Not including DBH 5–10 cm gave AGB <⇡15 % of the
mean AGB when including DBH 5–10 cm. The impact of not including DBH 5–20 cm
reduced estimated AGB by ⇡55 % compared to the mean AGB of DBH calculated
from BDH  5 cm. Given these di↵erences it is likely that including DBH  1 cmwould
increase mean AGB by >15 %. Stem size distribution at this size would be required to
provide a more accurate estimate of the imapct of excluding stems <5 cm.
The land use history derived in Chapter 4 only provided minor improvements in the
correlation coe cient explaining the increase of AGB with secondary forest age (Table
5.6). The forest plots described in Uhl et al. (1988) and Wandelli and Fearnside (2015)
which showed a significant decrease in AGB accumulation, compared with ‘light use
or agricultural use sites, were subjected to an average of 6 years PALU and 4 burning
events. The highest intensity of land use in this chapter was represented by an average
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of 6 years PALU and FC of 1–2⇥ in the moderate to long term use (PALU  3) plots.
No information on burning or initial clearance technique (e.g. bulldozed in the heavy
use sites in Uhl et al. (1988)) was available to this chapter, as mentioned previously.
This indicates the importance of information regarding the FC and burning, as this
is the main di↵erence between the land use intensity in this chapter and those in Uhl
et al. (1988), Wandelli and Fearnside (2015) and Jakovac et al. (2015, 2016).
The final avDBH increment after 37 years of growth (0.167 cm y 1) was similar to the
value for mature forests (0.164–0.175 cm y 1) in the study area (da Silva et al., 2002;
Vieira et al., 2004). The stem density (1590–1600 stems ha 1) of the oldest plots (19e
and 47, 37 years) was more than twice that of mature forest in the study site, 626 stems
ha 1 (Vieira et al., 2004). This further demonstrates that the oldest secondary forests
studied in this chapter are far from resembling local mature forests.
The absence of a relationship between stem density (DBH  5 cm) and secondary forest
age in this chapter is in opposition to the positive correlation observed for the first 6–10
years of regrowth noted by Lucas and Honzak (2002); Feldpausch et al. (2005, 2007)
and Mesquita et al. (2015) north of Manaus. This chapter sampled trees with a DBH
 5 cm whilst the opposing studies sampled trees with a DBH  1 cm and  3 cm and
thus included higher numbers of saplings in these young secondary forests (Montgomery
and Chazdon, 2001). This may explain the di↵erences between stem densities of plots
with 31 years of regrowth (38k and 33i, 1950–2300 stems ha 1) to that observed by
Mesquita et al. (2015) in abandoned clearcuts of the same age and land use history
(⇠3200 stems ha 1).
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5.6 Conclusions
This chapter demonstrated that light to medium land use intensity causes no significant
di↵erences in secondary forest regrowth rates north of Manaus. Despite this, frequency
of vegetation clearance was highlighted as an important remote senisng derived metric
which can be used to aid the prediction of biomass recovery. Biomass and structural
components require more than 37 years of regrowth before secondary forest resembles
mature forest stands in the area. This data will be utilised in parameterisation and
validation of a forest growth model in the following chapter.
Chapter 6
Parameterisation and Validation of
3-PG2
6.1 Introduction
Secondary forests accumulate biomass rapidly and their rate of sequestration is an
important variable for future land use management and planning. To date the pan-
tropical, remote sensing based (Saatchi et al., 2011a; Baccini et al., 2012; Avitabile et al.,
2015), and regional (Nogueira et al., 2008) Amazon biomass studies have not explicitly
considered secondary forests. This is often because inventory data is not available
as there is little monitoring of secondary forests within the Amazon. For example
Mitchard et al. (2014) masked secondary forest from their above ground biomass (AGB)
estimates, owing to a lack of data for these forest types, by using the extent of intact
forest. Saatchi et al. (2011a) and Baccini et al. (2012) applied relationships between
remnant forests and remote sensing datasets including optical; SAR and the Ice, Cloud
and Land Elevation Satellite (ICESat) Geoscience Laser Altimeter System (GLAS)
across the whole of the region. The only property from which to distinguish secondary
forests in these datasets would be their height although older secondary forests often
exhibit the same height as mature forest (Prates-Clark et al., 2009; Helmer et al.,
2009).
Optical datasets show similar reflectance between secondary and primary forests after
16 years of regrowth (Lucas et al., 2000) and relationships between optical radiation
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and AGB are weak and limited by near constant cloud cover in the tropics (Kuplich
et al., 2005). Airborne L-band SAR data, with 5 m resolution, can predict AGB up to
150 ± 23.8 Mg ha 1 in dense tropical rainforest however it loses sensitivity beyond this
(Saatchi et al., 2011b). Whilst in combination with X-band data it can detect AGB
to 307 ± 50 Mg ha 1 (Englhart et al., 2011). It has been demonstrated that airborne
P-band SAR, with 10 m resolution, is sensitive to higher levels of AGB, <300 ± 22.6
Mg ha 1 (Saatchi et al., 2011b). These airborne sensors cannot, however, be used to
monitor the entire tropics continously. The P-band sensor onboard the European Space
Agencys (ESA) BIOMASS mission will provide greater spatial coverage, however its 200
m resolution is insu cient for characterising small patches of secondary forest. Analysis
of SAR texture metrics has produced strong relationships with AGB, although further
investigation is needed for remote sensing to reach its full potential as a source of useful
information demanded by programmes such as UN REDD+ (Cutler et al., 2012). A
modelling approach is well placed to address this knowledge gap through the study of
changes in secondary forest biomass derived from field observations and physiological
process understanding. In addition, modelling provides the opportunity to forecast
changes in biomass accumulation whereas remote sensing and interpolation techniques
can only provide estimates of past AGB.
This study is focused on modelling forest growth at the stand scale to best understand
the biomass accumulation of individual secondary forest stands. There are many
physiologically process-based forest growth models that have been parameterised for
temperate and tropical forests which operate at this scale (Nightingale et al., 2004).
Of these models the majority have been parameterised for, and applied to, forests and
plantations within temperate broadleaf and boreal coniferous forests (Potithep and
Yasuoka, 2011; White et al., 2000). With work also focusing on pine and Eucalyptus
in New Zealand, Australia, Africa, South America, Europe (Landsberg et al., 2001;
Rodr´ıguez et al., 2002; Sands and Landsberg, 2002; Almeida et al., 2004b; Dye et al.,
2004; Rodr´ıguez-Sua´rez et al., 2010). The majority of applications to tropical forest
using this type of model has been in Asia (Dislich et al., 2009; Kammesheidt et al.,
2011; Dislich and Huth, 2012; Hartig et al., 2014; Pu¨tz et al., 2014) with fewer studies
focusing on the tropical rainforests of South America (Hirsch et al., 2004; White et al.,
2006).
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Process-based forest growth models are designed to investigate the e↵ects of climate;
soil water; air pollutants; rooting characteristics and nutrient uptake on stand growth.
Importantly for this study they calculate the carbon balance of the stand as a result
of photosynthesis and respiration i.e. net primary productivity (NPP). This is added
to through the simulation of community dynamics such as recruitment and mortality;
growth parameters; biomass accumulation and calculation of the hydrological balance to
understand water stresses. This thesis is focused on the potential biomass accumulation
in secondary forests and as such will seek to utilise a scalable model which encompasses
one of the main processes of regrowth in tropical rainforests, rapid biomass accumu-
lation (Brown and Lugo, 1990). Table 6.1 provides a summary of models which have
been implemented in tropical forest to estimate above ground biomass and structural
properties.
Table 6.1: Forest growth models which have been implemented in the tropics to study






























































3-PG • • • Landsberg and Waring (1997)
FORMIX3 • • • Ko¨hler and Huth (1998)
JABOWA • Botkin et al. (1972)
OUTENIQUA • • • • Van Daalen and Shugart (1989)
SYMFOR • • • Phillips and van Gardingen (2001)
TROLL • • • Chave (1999)
Gap models simulate the process of natural succession that occurs in tree fall gaps after
the mortality of a large canopy dominating tree produces gaps in the forest canopy.
This leads to the release of suppressed trees and increased tree recruitment rates, both
of which drive succession. The JABOWA model (named after the initials of its authors)
(Botkin et al., 1972) is the parent model of all forest gap models (Bugmann, 2001).
In JABOWA the forest is assumed to be a composite of many small stands, each of a
di↵erent age and successional stage. These patches are vertically homogeneous and all
tree crowns extend horizontally across the entire patch. The distribution of leaves is also
considered homogeneous and are located in an indefinitely thin layer at the top of the
stem. The processes of succession can be described separately as the forest is a mosaic
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of independent patches with no interaction between patches (Bugmann, 2001).
The individual-based mixed rainforest growth simulator (FORMIX3) (Bossel and
Krieger, 1991), and the later FORMIND (Ko¨hler and Huth, 1998), models simulate
forest dynamics on an individual tree-by-tree basis. The rainforest model FORMIX3
(Huth et al., 1998) aggregates tree species in functional groups on the basis of their
potential height and light demands. These are: fast growing light demanding pioneers;
shade tolerant intermediate successional species and tall, slow growing mature forest
species. These gap models describe individual tree growth; competition between
neighbouring trees and the whole forest’s dynamic within the context of a carbon
balance model. The model constrains forest growth by the e↵ect of varying light
conditions in the di↵erent canopy layers and location in the forest, and through biomass
consumption and losses. Whilst each individual tree in the model competes for light
and space (Huth et al., 1998). In much the same way as the JABOWA model, the
shifting stand mosaic of natural forests, created by tree fall gaps, is represented explicitly
within the model. To perform these estimates for individual trees in forest stands of
1 ha, the model requires data on stem number distribution for species in each of the
functional groups for parameterisation. These distributions will change in a secondary
forest as succession progresses (Uhl et al., 1988). Therefore the distribution of stem
numbers in each functional group will vary depending on the time of sampling. As
these models considered each individual tree they require intensive parameterisation
owing to their representation of multiple functional groups, and are computationally
intensive when applied over multiple stands. FORMIX3 has been extensively tested and
applied to tropical forests in Panama, Malaysia, French Guyana, Venezuela, Mexico,
Brazil (Atlantic Forest), Madagascar and Paraguay. The majority of these studies have
focused on natural succession following disturbances such as selective logging or similar
harvesting and impacts of fragmentation on the carbon and hydrological balances (Ru¨ger
et al., 2007; Groeneveld et al., 2009; Pu¨tz et al., 2011, 2014; de Paula et al., 2015).
Whilst others focus on its use for the study of structural changes (Fischer et al., 2015)
and the e↵ects of disturbance on biodiversity (Ko¨hler and Huth, 2007).
The physiological principles predicting growth (3-PG) model was developed by Lands-
berg and Waring (1997) for use in Eucalyptus globulus plantations. It is a stand-level
model that requires readily available site and climate data as inputs and predicts stand
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development at a monthly-time step. An important aspect of the 3-PG model is that
it is point based, representing a homogeneous 1 ha forest stand, and it is therefore
more computationally viable to process large areas using 3-PG than gap models such
as FORMIX3 during which each individual tree is modelled.
Since its inception it has been utilised to model Eucalyptus plantations across the globe.
Originally developed in plantations in Australia and New Zealand (Landsberg and
Waring, 1997), it has since been used throughout countries in Africa (Dye et al., 2004),
South America (Almeida et al., 2004b) and Europe (Tome´ et al., 2004; Rodr´ıguez-Sua´rez
et al., 2010) to estimate Eucalyptus plantation growth. It has also been used to estimate
forest properties in other fast-growing forests and forest plantations such as Picea
sitchensis and Salix in Great Britain (Waring, 2000; Surendran Nair et al., 2012), Pinus
radiata in Australia (Coops et al., 1998), Pinus contorta and Pinus taeda in the United
States (Landsberg et al., 2001).
Although 3-PG has been used extensively in Brazil to simulated the growth of Eucalyptus
plantations (e.g. Almeida et al., 2003, 2004a,b, 2007a,b), there has only been one study
that seeks to model the productivity of tropical rainforest in Brazil. White et al. (2006)
estimated the NPP of forested and deforested areas in the basin using 3-PG. This
produced estimates that were comparable with NPP derived from the 1 km MODIS
photosynthetically active radiation (f PAR) product. This study covered a large area
however, in which typically small secondary forest patches are not well characterised in
1 km MODIS data (Lucas et al., 2002).
3-PGS (3-PG Satellites) is a simplified version of 3-PG which derives NPP estimates
from monthly estimates of f PAR absorption. This is calculated from the red and near
infrared (NIR) reflectance bands of remotely sensed data. To acquire this data at the
appropriate time scale a sensor with a high temporal resolution is required such as
Advanced Very High Resolution Radiometer (AVHRR) normalised vegetation index
(NDVI), MODIS f PAR product, Landsat, SPOT or Sentinel 2. Secondary forest plots
are commonly <100 ha and are therefore badly characterised by the coarse resolution
(1 km) of the AVHRR NDVI and MODIS f PAR products. The finer spatial resolution
of the Landsat, Sentinel 2 and SPOT sensors (30 m, 20 m and 25 m respectively) have
been shown to be applicable in characterising the extent of small areas of secondary
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forests (e.g. Carreiras et al., 2014). Landsat data has been gathered for >30 years whilst
the SPOT archive only begins in 1986. However, cloud free observations in Brazil’s wet
season (October and March) are highly unlikely (Sano et al., 2007). Thus preventing
monthly or annual estimates of NPP.
Nightingale et al. (2008b) parameterised and calibrated 3-PG and 3-PGS to estimate the
NPP of mixed species restoration, plantation and old-growth rainforests in Queensland,
Australia achieving an R2 >0.95 for all of modelled outputs when compared to field
measurements. These versions of 3-PG were chosen for this application because of their
flexibility, relative simplicity and reasonable requirements in terms of parameter values
(Almeida et al., 2004b). In 3-PGS, if NDVI (0.0–1.0) 0.2, f PAR = 0 and if NDVI
 0.75 then f PAR = 0.95 (Nightingale et al., 2008b). Regenerating forests attain a
leaf area index (LAI) >4 after nine years of regrowth (Lucas et al., 2002), this results
in an NDVI >0.75 (Zarco-Tejada and Ustin, 2001). This makes the simplified 3-PGS
unsuitable for modelling secondary forest growth in the Brazilian Amazon.
Despite few examples of the use of 3-PG in tropical rainforests this type of model
can be applied to various environments and species (Potithep and Yasuoka, 2011).
Furthermore, Landsberg et al. (2003) showed that the 3-PG model is robust and reliable
and can be used with confidence to predict growth in areas where trees have not been
grown recently. This is relevant in the context of abandoned agricultural sites in the
Brazilian Amazon. The flexibility of 3-PG was demonstrated by Bryars et al. (2013),
who showed that fixed physiological parameters in 3-PG can produce accurate estimates
for single species pine plantations in di↵erent geographic regions. This flexibility allows
for application of the model at large spatial scales providing forest types are similar in
each location.
3-PG2 is an updated version of 3-PG. The main changes in 3-PG2 are to the model’s
water balance sub model, particularly the rainfall interception; soil evaporation and
water movement in the soil sub-models. Several studies have shown that the water
balance model in 3-PG required improvement to provide more realistic results (e.g.
Almeida et al., 2003; Feikema et al., 2007). Water movement in the ‘root zone’ and
‘non-root zone’ is modelled by considering root system development and distribution
in the soil profile (Almeida et al., 2007a). In 3-PG2 it is possible to take into account
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possible e↵ects from changes in ambient CO2 on production and transpiration. This is
an important development that may allow the model to be used to estimate responses in
forest growth to increased concentrations of anthropogenic atmospheric CO2. Although
it has been hypothesized that enhanced growth rates through CO2 fertilisation may be
the cause of increased mortality rates in tropical rainforests through poor structural
maintenance alongside rapid growth (Brienen et al., 2015).
6.1.1 Sensitivity Analysis
Before adjusting the parameters of 3-PG2, the application of a sensitivity analysis (SA)
will identify those parameters which are most important and therefore require the most
precise estimation. Model sensitivity is defined as the standard deviation of output X








i.e. the ratio of fractional change in output to fractional change in the parameter ( Xp)
is calculated by running the model for a range of  p for each p (Saltelli et al., 2004).
The use of positive and negative values for  p are used to capture possible non-linearity
in the model outputs. The process can be repeated for sites with radically di↵erent
environmental (climactic and physical) conditions to capture any variability introduced
through interaction of these variables with p.
 Xp can be divided into main e↵ects and joint e↵ects. Main, or primary, e↵ects are
those direct interactions between  p and  X. Joint e↵ects are caused by interactions
between two or more parameters which can cause a greater  X than through varying
each parameter individually.
A sensitivity analysis is capable of providing information on a model’s sensitivity on
several layers. Structural sensitivity is defined by how sensitive the performance of
the model is to structural assumptions, or processes, it includes. Parameter sensitivity
is the response shown in the model’s performance to the values of parameters that
characterise relationships included in the model. Finally, the sensitivity of the model’s
performance to variations in the data required to drive the model, such as climatic and
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environmental variables, is known as the input sensitivity.
Sensitivity analyses are vital for the validation model structure. A SA that indicates that
the majority of parameter sensitivity lies within the primary interactions demonstrates a
good model structure (Sobol, 2001). Performing a SA is a key step in refining parameter
selection (Landsberg and Sands, 2010). In the case of PROMOD, a process based
forest growth model, the results of multiple sensitivity analyses have been invaluable
in strengthening the acceptance of the model’s structure an enhancing understanding
of it’s behaviour. Sensitivity analyses have been used to facilitate adaptation of the
model to novel situations or species e.g. PROMOD for Eucalyptus nitens and P. radiata
(Sands et al., 2000).
There are two methods of SA. Local SA test the model output sensitivity by varying
one parameter at a time whilst the others remain at their central values (‘one factor-at-
a-time’, OAT). Several local SA have been carried out on 3-PG (Battaglia and Sands,
1997; Sands and Landsberg, 2002; Almeida et al., 2004b; Esprey et al., 2004; Almeida
et al., 2007a). The combination of these studies does not cover the full parameter space
of 3-PG as each individual study only tested the e↵ect of varying 9–27 of the model’s
60 parameters. These parameters were selected for their contribution to specific aspects
of 3-PG, namely those characterising canopy structure and canopy quantum e ciency;
allometric relationships and biomass partitioning; branch and bark fractions; basic
wood density; litterfall and root turnover rates and various environmental modifiers.
These a↵ect 3-PG2 outputs in various ways. Some parameters only influence a subset of
outputs, whilst many a↵ect most outputs and, in some cases, combinations of parameters
interact in their e↵ects. These OAT methods are only informative at the central point
where the calculation is executed and does not cover the whole input parameter space
(Song et al., 2012). Therefore, they are unsuitable for analysing complex biophysical
process models comprised of several dimensions and non-linear responses (Saltelli and
Annoni, 2010) as they cannot quantify the e↵ects of parameter interaction.
The elementary e↵ects method or ‘Morris Method’ (Morris, 1991) determines which
input factors may be considered to have e↵ects which are (a) negligible, (b) linear and
additive, or (c) non-linear or involved in interactions with other factors (feedbacks).
It is used to reduce the number of parameters to be analysed in a more detailed SA
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of a computationally costly model, or a model such as 3-PG2 with a large number of
inputs.
A preferable SA technique is a model-independent global SA. In a global SA the e↵ect
of each parameter within the full parameter space is considered. This is achieved
by changing the value of all input parameters in each simulation. This captures the
variation in outputs with respect to the multiple input variation. These methods
also allow examination of interactions between parameters when varied simultaneously.
Common variance based global SA techniques include: Fourier amplitude sensitivity
analysis (FAST) (Cukier et al., 1975; Saltelli et al., 1999), the Sobol method (Sobol,
2001; Saltelli, 2002; Saltelli and Annoni, 2010), Saltelli’s method (Saltelli et al., 1999),
the Derivative-based Global Sensitivity Measure (DGSM) (Sobol and Kucherenko, 2010)
and the Bayesian Analysis of Computer Code Outputs (BACCO) sensitivity analysis,
which creates a model emulation (Oakley and O’Hagan, 2004). These variance based
techniques work within a probabilistic framework by decomposing the variance of the
model output into fractions that can be attributed to individual inputs or groups of
inputs. The percentages by which each input a↵ects the output, can be used as a
measure of sensitivity. In these methods importance of a model input is based on the
expected reduction in the model output variance provoked by knowing the value of the
model input with certainty.
In a Sobol SA these measures of sensitivity are expressed as (Sobol) sensitivity indices
(SIs). This method utilises Monte Carlo (or quasi-Monte Carlo) to sample the entire
parameter space requiring thousands of model simulations. Despite these high compu-
tational demands, this powerful SA technique has recently become more popular in
forest growth modelling (e.g. Wu et al., 2012; Wang et al., 2013a), because of its ability
to incorporate parameter interactions and its relatively straightforward interpretation
(Nossent et al., 2011).
Although computationally di↵erent, the FAST method uses the same measure of
sensitivity as Sobol’. The main advantages of FAST is its robustness, especially at low
sample size, and its capability in ascribing the output variance to individual inputs in the
model. FAST and Sobol are both independent of the model structure. However, FAST
is computationally complex for a model with a large number of inputs (Christopher
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Frey and Patil, 2002) such as 3-PG2.
The DGSM method relies on averaging local derivatives, the e↵ects of one variable whilst
holding others constant, using Monte Carlo or preferably quasi-Monte Carlo sampling
methods. This technique is more accurate than the Morris method in computing
the elementary e↵ects as each derivative is evaluated as strict local derivatives with
small increments in comparison to the variable uncertainty ranges used by the Morris
method (Kucherenko et al., 2009). The computational time required for numerical
evaluation of DGSM is many orders of magnitude lower than that for estimation of
the Sobol sensitivity indices, as the method benefits from much higher convergence
rate if quasi-Monte Carlo sampling methods are used. It becomes especially e cient if
automatic calculation of derivatives is used (Sobol and Kucherenko, 2010).
These methods require Monte Carlo simulations to sample the entire range of the param-
eter space. This high computational cost has been a barrier to using these techniques in
the past (Verbeeck et al., 2006), however the availability of high-performance computing
(HPC) resources have lowered this barrier (Dietze et al., 2013). In the absence of a
HPC, a screening technique, e.g. the Morris method, can be applied to reduce the
number of parameters under consideration.
The BACCO method uses a Bayesian analysis approach. It builds a statistically based
representation of the model from a set of training data points derived from runs of the
model of interest. A space-filling algorithm is used to fill in the gaps not sampled in
the input parameter space. This model emulation is used to compute the sensitivity
indices of interest. This method is designed to be faster, easier and more e cient to run
across the entire parameter space than running the model under investigation thousands
of times. However, this method requires information on the probability distribution
function for each model input to provide a representational emulator designed from
only a few hundred runs (Petropoulos et al., 2009).
The sensitivity of ten of the 3-PG2’s outputs, namely: mean DBH (avDBH), basal
area (BA), LAI, StandVol, evapotranspiration, fraction of available soil water (fASW) ,
transpiration and biomass pools, were assessed by Song et al. (2012). Using a variance-
based global sensitivity analysis to calculate the elementary e↵ects, this study assessed
the impact of key parameters linked to the allocation of biomass in di↵erent parts of a
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tree; stand volume; leaf area; photosynthesis and water availability; biomass removal
and turnover rates in above ground components and root growth. Whilst the majority
of SA carried out on 3-PG involve simple regression analysis (Esprey et al., 2004; Zhao
et al., 2009; Rodr´ıguez-Sua´rez et al., 2010) which follow the same procedure as local SA
in their ‘OAT’ sampling and share it’s limitations.
6.1.2 Model parameterisation
Parameterisation is the assignment of parameter values from independent data or
estimation by adjusting them to optimise fit of the model output to observed data
(Almeida et al., 2004a). This process operates directly on the model. It should not be
confused with calibration in which an empirical relationship is developed to improve
the match of the model output to observed data. It does not a↵ect the model, but
operates on its outputs.
To assign species specific or, in the case of mixed regrowth forests, mixed species forest
parameter values, a thorough understanding of 3-PG2; the meaning of its parameters
and a knowledge of the sensitivity of its outputs to each parameter, is required. This
understanding will support the parameterisation of 3-PG2, or any other PBM, to novel
species and environments.
Assigning parameter values through mensuration produces a more realistic representation
of the system being simulated and should be carried out wherever possible in favour
of parameter estimation. For example, 3-PG2 uses an allometric (power) relationship
between mean stem mass and mean stem diameter. Supporting data pertaining to this
relationship is readily available in the form of published allometric relationships between
DBH and AGB (e.g. Brown et al., 1989; Chave et al., 2014). Therefore parameter values
can be assigned based on this data, rather than by fitting 3-PG output to observed
stand data to estimate the parameters used in the relationship.
Parameter estimation for PBMs can be performed using a technique that minimises the
merit function, the residual sum-of-squares. This is achieved by adjusting the values
of nominated parameters. These methods include the simplex optimization method
(Walters, 1999) and the Marquardt algorithm (Finsterle and Kowalsky, 2011).
Bayesian parameter estimation allows the probability distribution of a parameter to
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represent subjective uncertainty or belief. This approach does not require much of the
data to be modelled as it is only interested in how particular parts of the data depend
on the other parts (Spiegelhalter et al., 2002). Bayesian parameterisation of complex
PBMs is essentially more e cient that iterating over the entire parameter space because
it targets key areas. This method of model parameterisation is suited to deal with
interactions between parameters, which is shown to occur in complex parameter rich
PBMs (Hartig et al., 2014) such as FORMIX3 and 3-PG.
A Bayesian calibration was undertaken of six models including 3-PG and FORMIX3
by van Oijen et al. (2013). This technique performs well as long as the probability of
the parameter range distribution was known. As the application of 3-PG and similar
models in tropical forests is limited, and therefore the distribution of their parameters
is unknown, this approach is not appropriate for this study.
Monte Carlo, or stochastic simulation, estimation techniques involve the repeated
random sampling of parameter values to obtain a fit between the model outputs and
observed data (Rubinstein and Kroese, 2011). The method is robust and easy to
implement and has the ability to provide estimates of output uncertainty and can
handle di↵erent distribution types (Verbeeck et al., 2006).
A similar approach is the simple iterative process that is often used to parameterise
3-PG when field observations of parameters are not available (Sands and Landsberg,
2002; Landsberg et al., 2003; Almeida et al., 2004a; Potithep and Yasuoka, 2011). This
involves running the model and comparing the output with observed values. Parameter
values are then adjusted to improve the fit and the model is re-run. Multiple iterations
of this process results in good fits between observed and simulated values (Nightingale
et al., 2008b). This process is improved when more observed data is available to test the
model output (Landsberg et al., 2003). Beyond this description, details, especially those
of how model fit is measured, are often lacking with regards to the parameterisation of
3-PG.
Lehmann and Huth (2015) demonstrated that indirect stand attributes such as stem
count; basal area (BA) and biomass were su cient to parameterise a model of tropical
forests to calculate the LAI, an important factor in deriving NPP, and subsequently
other outputs. These properties are commonly collected data in forest inventory studies
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making model parameterisation more straight forward. Such as the method used for
determining a good model fit.
6.1.3 Overview of 3-PG2
6.1.3.1 Structure
3-PG2 estimates biomass production and partitioning to the main structural components
of the tree stems, roots and foliage. Biomass production is calculated as a direct linear
relationship with intercepted solar radiation. The slope of this regression is the light use
e ciency (LUE) (⇠, gDM MJ 1). LUE is calculated from the canopy quantum e ciency
(↵c, mol mol 1) which is in turn determined by canopy conductance, air temperature,
frost, vapour pressure deficit (VPD), available soil water (ASW), soil nutrient status
and stand age. The proportion of intercepted radiation (Qint) is determined by Beer’s
law. These two factors, Qint and ↵c, allow the calculation of gross primary productivity
(GPP). A constant ratio between NPP and GPP is assumed in place of dynamically
calculating respiration. Partitioning of NPP to the below and above ground components,
stem (WS), foliage (WF) and root (WF), is governed by a series of growth modifiers
representing stand age, soil fertility and environmental variables. Mean diameter at
breast height (avDBH) is calculated through an allometric relationship with WS. BA is
calculated from DBH and the stem density (StemNo). Stem density in turn is reduced
through self-thinning on a basis of the mean WS for the current StemNo. A full
mathematical description of 3-PG2 is detailed in the section A.4 of the Appendix.
6.1.3.2 Inputs and Outputs
The model operates on a monthly time step. Monthly averages of short wave radiation,
mean maximum and minimum air temperature, VPD, frost days and rainfall are required
to drive 3-PG2 (Table 6.3). Site specific factors representing the physical characteristic
of the site being modelled include latitude, soil fertility, CO2 concentration, ASW,
initial biomass pools, stem density, salinity, soil stone percentage, edge trees, tree cover,
starting age and end age (Table 6.4). Species parameter values (Table 6.2) describe
the physiological characteristic for the trees being simulated. Model outputs can be
generated annually or monthly. This study focused on monthly predictions for avDBH
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(cm), BA (m2 ha 1) and WS (Mg ha 1) (a full list of outputs is detailed in Table A.5
of the Appendix).
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6.1.4 Outline and objectives
The focus of this chapter was to develop a model based approach to study the forest
growth and above ground carbon accumulation of secondary forest (SF) in central
Amazonia. This work presents the sensitivity analysis, parameterisation and validation
the forest growth model Physiological Principles Predicting Growth (3-PG2) using
time series plot data from SF near Manaus in the Brazilian Amazon. The work will
be utilised in Chapter 7 to produce site wide above ground biomass (AGB) maps to
compare with existing pan-tropical AGB products.
6.2 Methods
6.2.1 Field data
This study utilizes the remaining 52 secondary forest field plots, after outlier removal,
near Manaus described in Chapter 5. The stocking density of these forests ranged from
880 to 4380 trees per ha at the various stages of growth. This data includes a mix of
212 species found in secondary and mature forests. Measurements of interest for this
research included stand stocking, basal area (BA), diameter at breast height (DBH)
and above ground biomass (AGB) (Chapter 5, Table 5.5). The outliers removed from
the analysis in Chapter 5 were also excluded here.
6.2.2 Climate and soils data
Climate data required by 3-PG2 is detailed in Table 6.3. Monthly average climate data
including maximum and minimum air temperature and precipitation were obtained from
the beginning of regrowth north of Manaus (1977, Chapter 4) from the meteorological
station in Manaus (BDMEP, 2014). Monthly estimates of total incoming short-wave
solar radiation were obtained from the NASA Global Modelling and Assimilation O ce
(Global Modeling and Assimilation O ce (GMAO), 2015). Soil information, including
texture (Table A.6) and water holding capacity in the A and B horizon were obtained
from the Soil and Terrain Database (SOTER) (ISRIC, 2013) and Dunne and Willmott
(1996). The soil texture at Manaus is sandy clay (ISRIC, 2013). These attributes
were considered uniform across the study site. The soil information did not contain
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Table 6.3: Climate data required by 3-PG2
Description Symbol Units
Monthly mean daily maximum temperature Tmax ￿
Monthly mean daily minimum temperature Tmin ￿
Monthly mean vapour pressure deficit VPD mBar
Monthly rainfall Rain mm month 1
Monthly mean daily solar radiation Solar Rad MJ m 2 d 1
Monthly mean daily pan evaporation Evap mm d 1
Rainy days per month Rain days -
Rainfall intensity Typical rain intensity during rainfall events mm hr 1
Frost days per month dF -
details relating to soil nitrogen content, and given that soils across the moist tropics
are considered to be infertile (Serrao et al., 1979), the soil fertility growth modifier was
set at a low constant value of 0.3 (Nightingale et al., 2008b). A soil fertility rating of
0.3 corresponds to the low LUE (0.0033 molC molPAR 1) measured near these sites
(Fluxnet tower ZF2) (Carswell et al., 2000).
Where observed VPD is not available it is possible to calculate it from the maximum
(Tx) and minimum (Tn) air temperature (Landsberg and Waring, 1997).
V PDx = 6.1078⇥ Exp(17.269⇥ Tx/(237.3 + Tx)), (6.2a)
V PDn = 6.1078⇥ Exp(17.269⇥ Tn/(237.3 + Tn)), (6.2b)
V PD = (V PDx  V PDn)/2 (6.2c)
A mean climate dataset calculated from 1970 to 2011 was used in the sensitivity analysis
and parameterisation of the model. This limits the variation in model output to seasonal
di↵erences in climate, rather than variation between years.
6.2.3 Sensitivity analysis
A Morris (Morris, 1991) screening analysis was conducted on 3-PG2. Each parameter
was varied separately 140 times (total of 9660 runs), a multiple of D+1 where D is
the number of parameters (Morris, 1991), whilst the others remained constant using a
script written in Python. As there is limited information about the prior probability
distributions for each parameter (Song et al., 2012), an independent uniform distribution
was assumed for each parameter with bounds varying 30% either side of its default value
(Esprey et al., 2004; Song et al., 2012). The output of each run was stored if StemNo was
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greater than the mean number of trees across the 52 field plots, >2000 ha 1, and the
leaf area index (LAI) was lower than the mean MODIS Leaf Area Index 8-day composite
of 6.6. These constraints helped to ensure that the parameter values used were realistic
and didn’t cause uncharacteristic growth responses. The coe cient of variation (CV),
calculated as the standard deviation divided by the mean, standardises the variance
allowing comparison between outputs whose ranges have di↵erent scales. The CV for
each output of interest, avDBH, BA and WS, was calculated after each parameter was
varied. The CV was then ranked from highest to lowest for each output of interest.
The results were compared to the SA conducted by Song et al. (2012) of the model to
confirm the validity of the results. The 20 parameters with the highest CV for each
parameter were then assigned species specific values through model parameterisation as
in Esprey et al. (2004) and Song et al. (2012). The remaining parameters were assigned
default values of E. globulus (Landsberg et al., 2002) if values for tropical secondary
forest were not available through mensuration or observation.
6.2.4 Parameterisation
The 3-PG2 parameterisation procedure involved running the model and quantitatively
comparing BA, avDBH and ABG with the field-measured values at the corresponding
measurement date. 3-PG2 requires initial data pertaining to site factors (Table 6.4)
and stand data (Table 6.4). Initial biomass pools were arbitrarily set at 0.01 Mg ha 1
(Nightingale et al., 2008b), partitioned as 2% for foliage (iWF), 82% for stems (iWS)
and 16% for root biomass (iWR) (Poorter et al., 2012), regardless of tree stocking
density at each site. The iStocking (Table 6.4) was taken as the mean stocking of each
field plot at the time of observation. This was carried out to make the parameter set
applicable across di↵erent forest stands. These initial stand parameters values were
used for each of the field plots.
A full parameter set, shown in Table 6.2, for use in 3-PG2 does not exist for secondary
forests in the Brazilian Amazon. The most important parameters defined in the
sensitivity analysis above, for determining the outputs of interest, were varied across
their known range for tropical forests (Table 6.2). These ranges were derived from
studies that had directly measured the parameter; where the same parameter is used in
a model or where local forest experts had defined the value (Nightingale et al., 2008b).
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Table 6.4: Names and description of initial stand parameters and site factors that can
be set during model initialisation for each site. * In the context of this research the
PlantedDate is the date each site is abandoned.
Variable name Description of site factor Unit
Latitude Latitude of site centre (negative for S hemisphere) degrees
FR Fertility rating (0 to 1) -
CO2 Atmospheric CO2 concentration ppm
MaxASW Maximum plant-available soil water capacity mm
MinASW Minimum plant-available soil water capacity mm
SoilClass Soil class as per Table A.6 -
WFi Initial foliage biomass Mg ha 1
WRi Initial root biomass Mg ha 1
WSi Initial stem biomass Mg ha 1
iStocking Initial stand stocking trees ha 1
Salinity Salinity of soil = electric conductivity dS m 1
%Stones % of soil profile volume occupied by stones -
Soil depth Depth of soil profile, i.e. maximum rooting depth m
%treeCover % of ground area devoted to forest, rest is nominally called pasture %
edgeTrees Number trees on edges of strip or block plantings trees ha 1
PlantedDate Date that seedlings were planted* -
initialAge Stand age at the start of the simulation years
endAge Stand age at the end of the simulation years
Where no published values were available for tropical forests or if the parameter had
little or no impact on the model output, as determined by the sensitivity analysis, the
default value was used. Default values related to E. globulus were defined by Sands and
Landsberg (2002). If parameter values were observed at the study site, these values
were used to provide realistic physiological representation of the forests being modelled.
Values for soil water modifiers (Swconst; Swpower) were determined by the soil texture
class (Table A.6).
The constant (aS) and the power(nS) were calculated in the allometric relationship




From this relationships, aS and nS were calculated as 0.1204 and 2.5232 respectively
(r2 = 0.97 for DBH vs. stem biomass).
The following parameters were assigned directly (Table 6.2). The age at which full
canopy cover is reach (fullCanAge) was assigned a value of 4 years (Lucas and Honzak,
2002). The exponential coe cient (k) determines the model sensitivity to VPD. In this
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parameterisation of 3-PG2 k was assigned a value 0.0125 per kilopascal, or one-quarter
of the default value of 0.05 (Landsberg and Waring, 1997), similar to values measured
for tropical trees (Granier et al., 1996). This lower VPD coe cient alters the dominance
of physiological control of growth to soil moisture (White et al., 2006). The optimum
temperature was assigned a nominal value such that it was similar to the long-term mean
temperature of the study area (Almeida et al., 2004a).The minimum and maximum
density (rho0 and rho1 ) were taken as the minimum (0.111 gcm 3) and maximum
(1.054 gcm 3) values of specific wood density of trees sampled in the field plots (Zanne
et al., 2009). However ,these density measurements are only used for calculating stem
volume in 3-PG2 so they are not required in determining avDBH, BA and AGB.
The edge e↵ect parameter was introduced in 3-PG2 by Almeida et al. (2007a) to
empirically simulate the enhanced growth rate of E. globulus when a wide spacing
pattern is implemented in plantations with very low stocking rates (<150 stems ha 1).
In this study it was set to 0 as mature tropical rainforests have a typical stand density
>500 stems ha 1 (Phillips et al., 1994) whilst the secondary forests in the study area
had an average stem density >2000 stems ha 1. Edge e↵ects negatively impact on
tropical forest growth (Denslow, 1987; Bierregaard Jr. et al., 1992) through perturbation
of environmental stresses such as increased temperature (Didham and Lawton, 1999)
and increased susceptibility to wind and fire damage (Mesquita et al., 1999; Cochrane,
2003). However, the edge e↵ects parameter is not able to replicate this.
To carry out the parameter estimation of the remaining inputs the total residual error
was calculated. This involved implementing a Monte Carlo simulation in which the
model was run 20,000 times in which forest growth was simulated for 37 years, the
age of the oldest field plots in this study site. The number of model runs needed to
capture the total variation in the model outputs is determined by separately plotting
the variance of the simulated BA, DBH and AGB after every simulation. Converging
variance values indicate the optimum number of simulations has been reached (Verbeeck
et al., 2006). Using a script written in Python the value of each important parameter
was randomly sampled across its range whilst assuming a uniform distribution. This
method was chosen because parameter value distributions were often unknown owing
to a small number of published values for each parameter. This avoids making any
assumptions about the parameter distribution as the published ranges may not cover
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the entire distribution. Each parameter set was implemented in the model and the
resulting outputs and corresponding parameter set were stored. The residual error was
calculated between the model outputs at 37 years and the field data. The final output
values generated from the best fit linear and log-linear models (Table 5.6, Chapter 5),
where secondary forest age was the only independent variable, were used to calculate
the residual error. The residual errors were totalled as a percentage error for each
parameter set. The parameter set that achieved the lowest residual error was selected
as the optimum parameter set.
The 95th percentile confidence intervals were calculated from the 1500 parameter sets
(Campling et al., 2002) that gave the lowest residual error for each output of interest.
This provided an estimate of model uncertainty for the outputs of interest.
6.2.5 Validation
The fit between modelled and observed data from the field sites was assessed through
regression statistics including the calculation of residual error. The root mean squared
error (RMSE) was calculated using leave one out cross validation (LOOCV). In LOOCV
a linear model is fitted to the n-1 of the field sites were n is the total number of
field sites. This was done until each site had been excluded once. Each of the linear
models generated by this exclusion was compared to the outputs from the parameter
set with the lowest total residual error. The residual errors were calculated for the
fitted avDBH, BA and AGB between the observed outputs and the modelled data
(observed - modelled). These provide an indication of model performance across the
output ranges included in the parameterisation dataset. Although AGB was the main
output of interest, avDBH and BA were included so that a more realistic parameter set
was generated through improved simulation of forest structure.
6.3 Results
6.3.1 Sensitivity Analysis
The coe cient of variation of input parameters corresponding to each model output are
presented in Figure 6.1. The influential parameters and their rankings (as measured by
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the coe cient of variation) for the model outputs avDBH and BA were very similar.
3-PG2 was sensitive to parameters relating to limiting growth and mortality (e.g. fN0,
Tmax, gammaR and thinPower), canopy parameters (e.g. alphaCx, MaxCond and
Coe↵Cond) and biomass partitioning (e.g. pRx and pRn) when considering AGB.
Parameters relating to the water balance (e.g. gAs, tWaterMax and cVPD0) had less
of an e↵ect on the variance of model outputs (Figure 6.1).
Figure 6.1: Coe cient of variation of 3-PG2 input parameters on output variables. The
20 most influential input parameters are shown for each output of interest. Numbers
indicate the rank of coe cient of variation for each input parameter on each output
variable from highest (1) to lowest (20) by descending order of CV value. Colour shading
is used to symbolize elementary e↵ects using normalized values of variance.
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6.3.2 Parameterisation
After 400 iterations the variance of the modelled avDBH, BA and WS converges (Figure
6.2). After 2000 simulations the variance of in the modelled LAI converged.
Figure 6.2: The variance of 3-PG2 outputs; average diameter at breast height (DBH,
cm) basal area (BA, m2 ha 1), and above ground biomass (AGB, Mg ha 1) for the
secondary forests located north of Manaus plotted as a function of the number of Monte
Carlo simulations. For these simulations only the 24 most influential parameters, as
identified by the sensitivity analysis, were taken into account.
The parameter values in Table 6.5 produced the best fit with a total residual error, for
a 37 year old forest, of 13.9 % after 20,000 runs. This parameter set predicted avDBH,
BA and AGB with 5.5 %, 8.4% and 0.004% residual error, respectively. This is in
comparison to the mean estimates for strucutral properties of a 37 year old forest north
of Manaus. The cumulative di↵erence between outputs from this parameter set and
observed data over the entire simulation period was 2179 %. Lower values were achieve
for the entire growth curve however this occured due to a cesation in NPP.
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Table 6.5: 3-PG2 parameter values for secondary forest north of Manaus estimated
from mensuration, observation and a Monte Carlo parameterisation. Only the most
important parameters, as shown by the sensitivity analysis were estimated using a
Monte Carlo simulation. The remaining parameters were set to their default values
(Landsberg et al., 2002).
Parameter Rainforest Range Result
Foliage:stem partitioning ratio at D=2 cm (no units) 0.6 – 1 1.0
Foliage:stem partitioning ratio at D=20 cm (no units) 0.15 – 0.9 0.20
Constant in the stem mass v. diam. relationship (no units) 0.0917 – 0.22 0.1204
Power in the stem mass v. diam. relationship (no units) 2 – 2.7 2.5232
Maximum fraction of NPP to roots (no units) 0.8 0.7108
Minimum fraction of NPP to roots (no units) 0.25 0.1846
Average monthly root turnover rate (month 1) 0.015 – 0.0428 0.039
Optimum temperature for growth (￿) 25 – 30 27.6
Maximum temperature for growth (￿) 35 – 48 38.9
Assimilation enhancement factor at 700 ppm (no units) 1.4 1.4
Value of ’fNutr’ when FR = 0 (no units) 1 0.65
Power of (1-FR) in ’fNutr’ (no units) 0 0.46
Maximum stand age used in age modifier (years) 50 – 500 328
Relative age to give fAge = 0.5 (no units) 0.95 0.69
Max. stem mass per tree @ 1000 trees/hectare (kg tree 1) 80 – 500 259.8
Power in self-thinning rule (no units) 0.9 – 2 1.43
Fraction mean single-tree stem biomass lost per dead tree (no units) 0.2 – 0.2038 0.2
Specific leaf area for mature leaves (m2 kg 1) 2 - 20 14
LAI at which VPD in canopy reduced to 50% (m2 m 2) 5 6.7
Max thickness of water retained on leaf (mm) 0.25 ±30 % 0.34
Maximum canopy quantum e ciency (molCmolPAR 1) 0.0033 - 0.08 0.049
Soil aerodynamic conductance (m s 1) 0.2 ±30 % 0.2
Maximum canopy conductance (m s 1) 0.0016 - 0.0353 0.032
Defines stomatal response to VPD (mBar 1) 0.0125–0.0800 0.024
Slope of net v. solar radiation relationship (no units) 0.8 0.8
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6.3.3 Validation
Statistically highly significant p values (<0.001) exist between the 3-PG2 modelled
predictions and field measured estimates of AGB, average DBH and BA (Figure 6.3).
Despite low r values avDBH was the most accurately predicted stand output followed by
AGB, then BA. The LOOCV produced RMSE equivalent of 5-10 % of the mean output
values for avDBH, BA and AGB. avDBH and BA were consistantly underestimated
below 6 cm and 10 m2 ha 1, respectively (Table 6.6 and Figure 6.3). AGB was
underestimated at the majority of sites whilst the greatest residual error occured in
sites with <50 Mg ha 1.
Figure 6.3: Relationship between 3-PG2 modelled and field measured estimates of
basal area (m2 ha 1), average diameter at breast height (DBH) (cm) and above ground
biomass (AGB) (Mg ha 1) for the secondary forests located north of Manaus. The
solid black line represents the 1:1 relationship. The solid red line represents the mean
residual error.
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Table 6.6: Model prediction errors for three key model outputs: basal area, diameter at
breast height and above ground biomass, based on simulations within secondary forests
in central Amazonia, Brazil.
Residuals (observed - modelled)
Plot avDBH % BA % AGB %
(cm) (m2 ha 1) (Mg ha 1)
1 6.5 52.2 22.2 80.2 152.8 87.8
2a 8.4 58.6 21.0 79.3 160.1 88.2
3a 1.1 7.6 -4.8 -21.1 9.3 5.4
4 5.8 49.7 17.2 75.8 117.2 84.6
6b 6.5 52.4 19.0 77.5 136.5 86.5
7b 4.8 40.0 16.4 66.4 126.0 77.9
8 2.6 40.8 2.1 48.9 8.4 55.9
9 4.1 51.2 14.2 85.7 52.2 87.6
10 4.2 41.8 14.7 72.8 77.4 78.4
11 4.3 41.9 20.6 79.0 117.9 84.7
12c 4.0 40.2 17.7 76.4 95.3 81.7
14d 6.0 57.2 16.7 84.2 69.7 86.9
15d 4.8 44.7 15.1 73.4 62.8 74.7
16d 1.8 12.5 0.1 0.4 54.4 26.4
17e 1.5 14.1 10.3 43.2 72.9 52.4
18e 1.0 8.8 7.6 32.9 52.0 39.8
19e -0.8 -5.2 3.3 9.3 28.2 12.0
20f 4.4 49.9 14.4 82.2 89.1 89.5
21f 3.5 37.4 13.2 70.6 79.8 78.9
22f 2.4 15.6 -0.9 -3.7 74.7 33.0
23g 4.6 43.9 16.8 75.3 98.4 82.2
24g 3.1 30.0 13.2 61.6 81.2 69.5
25 6.1 70.2 4.7 81.6 29.8 91.8
30 3.3 31.1 14.1 63.0 71.4 66.7
Continued on next page
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Table 6.6 – Continued from previous page
Plot avDBH % BA % AGB %
(cm) (m2 ha 1) (Mg ha 1)
31 2.5 25.6 14.2 63.2 79.1 68.9
32i 0.5 7.0 15.0 64.4 52.7 59.6
33i -0.7 -5.9 2.5 8.4 32.9 16.8
34j 0.7 8.4 15.2 64.8 50.4 58.5
35j 0.0 0.3 -0.8 -2.9 16.8 9.4
37k 2.4 24.6 15.9 65.8 88.1 71.2
38k -0.4 -2.9 0.0 0.0 8.0 4.7
36 3.3 31.6 15.6 65.3 101.4 74.0
39 6.5 52.6 17.8 76.4 120.6 85.0
40 3.6 38.1 13.6 71.2 55.8 72.4
41 3.4 32.1 10.6 56.2 45.6 56.1
42 1.1 15.9 0.7 11.2 7.4 25.9
43 4.7 39.3 22.8 73.4 138.3 79.5
44 4.0 35.5 12.5 60.3 68.0 65.6
46 0.3 2.4 9.3 25.4 26.0 13.8
47 -1.1 -7.9 -4.1 -14.5 25.5 11.0
48 1.5 11.4 -0.7 -3.6 31.4 21.1
50 -1.1 -10.4 7.7 27.4 10.1 8.3
51 1.3 9.8 -0.4 -1.8 30.2 18.5
52 -1.5 -13.5 -8.7 -58.8 -48.5 -57.3
54 2.1 14.0 -2.7 -11.4 10.9 6.7
55 0.9 7.3 1.4 6.6 5.3 4.5
56 1.2 10.2 8.5 34.1 82.1 48.9
57 5.0 32.8 13.1 44.2 100.1 53.9
58 -0.4 -3.6 -7.4 -39.8 -33.4 -28.2
59 -0.3 -3.1 2.3 10.0 15.2 12.0
60 1.7 16.2 4.1 24.3 27.9 31.3
61 0.9 7.5 -1.0 -5.1 11.4 9.3
Continued on next page
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Table 6.6 – Continued from previous page
Plot avDBH % BA % AGB %
(cm) (m2 ha 1) (Mg ha 1)
Max 8.4 70.2 22.8 85.7 160.1 91.8
Min -1.5 -13.5 -8.7 -58.8 -48.5 -57.3
Viva suggestions
The under and over estimation of outputs results from the inability of 3-PG2 to
replicate the logarithmic growth curves noted in Chapter 5 and the selection of a
parameter set which replicated outputs after 37 years of growth only. A possible
solution to this, as discussed with examiners during the viva for this thesis (Boyd and
Clifton-Brown, 2017), is in the implementation of a hierarchical sequence of model
runs that succeed one another. Each model run is individually parameterised for a
particular age range, including a suitable maximum age parameter to reduce stem
density through time (Mesquita et al., 2015). It is hoped that this modification will
produce greater similarity to the field data used in model validation by simulating
rapid initial growth followed by a shift towards asymptotic growth rates.
Annual NPP increased rapidly in the first 11 years of growth (Figure 6.4) before reaching
an asymptote between 5 and 12 Mg ha 1 for the remainder of the growth period. The
final annual NPP was 7.4 Mg ha 1.
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Figure 6.4: Annual NPP (Mg C ha 1) simulated by by 3-PG2 for secondary forests
north of Manaus.
6.3.4 Parameter suitability
The distribution of simulated avDBH, BA and AGB for a 37 year old secondary forest
are shown in Figure 6.5. This distribution is based on the 400 Monte Carlo simulations
closest to the observed data. The mean simulated avDBH, BA, AGB values were 13.6
cm, 30.0 m2 ha 1 and 184.9 Mg ha 1 respectively. The standard deviation of the avDBH,
BA, AGB distributions were 2.1 cm, 9.4 m2 ha 1 and 73.1 Mg ha 1 respectively. The
regression models derived from the field data gave avDBH, BA and AGB as 13.8 cm,
28.4 m2 ha 1 and 187.7 Mg ha 1 respectively after 37 years of growth. The observed
outputs all di↵ered from the mean simulated value, but fall within the range of one
standard deviation of their simulated output distribution.
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Figure 6.5: Distribution of a) average diameter at breast height (avDBH, cm); b)
basal (BA, m2 ha 1) and c) above ground biomass (AGB, Mg ha 1) of a 37 year old
secondary forest north of Manaus. The calculation of these distributions are based on
400 Monte Carlo simulations. Only the 24 most influential parameters, as identified by
the sensitivity analysis, were varied. The black bars show the observed avDBH, BA
and ABG values and is not representative of frequency.
6.4 Discussion
6.4.1 Model sensitivity
The model was sensitive to parameters relating to biomass partitioning, canopy processes
and conductance for the outputs considered. These operate at the core of the model
(Landsberg and Waring, 1997) and reflect the findings of Song et al. (2012) who
implemented a more detailed variance based global sensitivity analysis on 3-PG2. High
sensitivity to aWs and nWs was evident in avDBH and BA (Almeida et al., 2004a;
Potithep and Yasuoka, 2011; Song et al., 2012). These parameters are directly involved
in the calculation of these outputs from the NPP that is partitioned to stem biomass
(WS). Maximum canopy quantum e ciency, the maximum yield of photosynthesis,
was sensitive for all outputs as NPP in 3-PG2 is directly driven by incident solar
radiation.
All three outputs were highly sensitive to parameters involved in the calculation of
the temperature growth modifier (White et al., 2000; Sands and Landsberg, 2002;
Nightingale et al., 2008b; Song et al., 2012). The mean air temperature in Manaus was
27.6 ￿ with little variation in Tmin and Tmax annually. Tropical trees operate in an
environment where their optimum temperature is already met, unlike the temperate
and boreal trees, for which 3-PG has been extensively tested, that exist below their
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optimum (Way and Oren, 2010). This validates the use of the long term mean annual
air temperature as the optimum growth temperature in the model.
All outputs were sensitive to thinPower, whilst avDBH and BA were sensitive to
wSx1000. These parameters interact with the stem density of a stand, a well understood
process of density-dependent competition in forests (Chazdon et al., 2010; Toledo et al.,
2013; Stark et al., 2015; da Cunha et al., 2016). This demonstrates that the processes of
competition are appropriately represented, which is especially important in unmanaged
forests.
Hirsch et al. (2004) did not use the fertility rating (FR) in their implementation of 3-PG,
as part of an ecosystem model in the Brazilian Amazon, owing to uncertainty in the
e↵ects of low soil fertility (Malhi and Wright, 2004). Whilst this chapter showed that
changes in fertility modifier parameters (fN0 and fNn) and root partitioning parameters
(pRx and pRn), resulted in variations in stem growth in this low fertility soil. The
fertility modifier operates directly on the calculation of GPP whilst pRx and pRn
determine the magnitude of NPP partitioned to roots, which increases in low fertility
soils in the Brazilian Amazon (Malhi et al., 2009b). These findings support the use of
the FR in 3-PG2. However, this representation of fertility by a single parameter (FR) in
3-PG2, that does not change during the simulation, is recognised as an over simplification
of such a dynamic element (Landsberg and Sands, 2010). Dynamics of this model
parameter can be addressed through the coupling of 3-PG with biogeochemical models
such as CERES-N (Godwin et al., 1991). High output sensitivity to core model functions,
reinforces the choice of 3-PG2 as a robust process based model that is transferable to
di↵erent environments outside of it’s original bounds of development.
Owing to the recognised importance in tree growth physiology of these core parameters,
they are well documented in the literature (Appendix Table 6.2). This resulted in the
important parameters identified by the SA being those for which a range of values
already existed for tropical forests. Correlation of the output distribution for the best
parameter-sets closest to the observed data demonstrates the stability of the parameter
ranges sourced from the literature for estimating these forest properties (Verbeeck et al.,
2006) .
The parameter-set defined here is, to the authors knowledge, the first definition of
CHAPTER 6. PARAMETERISATION AND VALIDATION OF 3-PG2 139
these values for secondary forest in the Brazilian Amazon. This parameter-set is only
validated for up to 37 years of growth as that was the age of the oldest SF stand north
of Manaus. Fischer et al. (2014) and Fischer et al. (2015) simulated forest growth from 0
to 600–1000 years in tropical forests using an individual tree growth model (FORMIX3)
however, validation data was unavailable for such an extended period of growth.
6.4.2 Model performance
The final model estimate for annual NPP was within the range of NPP measured in
mature forest (5.6 to 10.1 Mg ha 1) north of Manaus on BDFFP sites (Chambers et al.,
2001; Clark et al., 2001; Piedade and Junk, 2001; Malhi et al., 2009b). This demonstrates
that the physiological processes driving productivity in 3-PG2 are applicable to secondary
forests in Brazil in addition to the range of environments in which 3-PG has been
successfully implemented e.g. temperate rainforest (Bryars et al., 2013) and plantations
in dry Mediterranean and temperate environments (Dye et al., 2004; Potithep and
Yasuoka, 2011).
Within 3-PG2 mean DBH was the most accurately predicted stand property, followed
by BA and AGB. The error (RMSE) calculated for the mean DBH was 0.28 cm greater
than that noted by Nightingale et al. (2008b) using 3-PG, however in the same study
3-PGS gave an error 0.16 cm greater than this chapter for mean DBH. Errors for
estimating BA and AGB were both greater than those in Nightingale et al. (2008b)
who derived an individual parameter set for each of the mixed species tropical forest
plots being simulated including known intial stocking. This chapter aimed to derive
one parameter-set for all SF north of Manaus, whilst Nightingale et al. (2008b) created
a parameter-set for each forest being investigated. In any forest stand BA estimates
should reflect processes of mortality. Stem density was kept constant over the simulation
period in keeping with the mean stem density of field study sites (Chapter 5). Therefore,
the BA output in 3-PG does not provide a true representation of BA in unmanaged
forests. 3-PGS was shown to perform similarly well (R2 = 0.77) when simulating NPP
for mature Amazonian forests (White et al., 2006). After 20 years of growth this chapter
predicted 128 Mg ha 1 a similar value (120 Mg ha 1) was predicted by Hirsch et al.
(2004) for SF north of Manaus. Error in the estimation of AGB is driven by variation
in the observed field data as discussed in Chapter 5.
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The under and over estimation of outputs was largely due to the inability of 3-PG2
to replicate the logarithmic growth curves noted in Chapter 5. An unmanaged forest,
secondary succession or old-growth, undergoes a constant process of mortality and
recruitment (Chambers et al., 2013; Plourde et al., 2015; Rozendaal and Chazdon,
2015). In addition to an age related decline in growth, these processes dictate the
structural properties of a naturally occurring forest through mortality. The maximum
age and self-thinning parameters in 3-PG2 are capable of reproducing this growth curve,
however they eventually cause a decline in the values of outputs such as WS or avDBH.
Logarithmic growth curves were achieved by some of the parameter sets during the
Monte Carlo parameterisation, however they were deemed unrealistic as this growth
curve was achieved through a reduction in NPP <1 Mg ha 1. The current model
structure does not include the recruitment of new individuals to the stand or sprouting
from stumps and roots, and is therefore unable to reproduce the initial rapid recovery
of biomass (Brown and Lugo, 1990; Hirsch et al., 2004). This limitation also impacts
on the models ability to simulate dynamics in stem density, which has to be set in the
model initialisation.
A possible solution to this is in the implementation of a hierarchical sequence of model
runs that succeed one another. Each model run is individually parameterised for a
particular age range, including a suitable maximum age parameter to reduce stem
density through time (Mesquita et al., 2015). The addition of recruitment to this
implementation would potentially improve the models ability to mimic the dynamics of
a successional forest such as the individual based model FORMIX3 (Huth et al., 1998).
This aims to provide a more realistic representation of stand dynamics in SF and thus
provide better estimates of stem density, mean DBH, BA and AGB.
Repeat chronosequence measurements are invaluable in describing the successional
dynamics of SF. Such data does exist within the tropics (Ruiz et al., 2005; Letcher
and Chazdon, 2009; Williamson et al., 2014; Mesquita et al., 2015; Norden et al.,
2015) however it was unavailable to this study. In addition to a lack of detail at a
fine resolution, this study was unable to validate the additional outputs generated by
3-PG2. Confidence in the model’s ability to accurately represent the system would be
enhanced if it were possible to validate the model and parameter-set against these data
(Nightingale et al., 2008b).
CHAPTER 6. PARAMETERISATION AND VALIDATION OF 3-PG2 141
6.5 Conclusions
This chapter sought to test the applicability of 3-PG2 to predict the accumulation of
above ground biomass in secondary forests in central Amazonia. It was demonstrated
that the physiological process basis of the forest growth model 3-PG2 is transferable
to mixed secondary forest in the Brazilian Amazon through the use of a generic
parameterisation. This applicability was illustrated through various variance based
Monte Carlo techniques for studying model output sensitivity and parameter-set stability.
The majority of di culties of modelling such a system were due to the nature of a
natural system compared to the intensively managed plantations for which 3-PG2 was
developed. The parameter-set defined here, validated for up to 37 years of secondary
forest growth, provides the opportunity to assess the contribution of secondary forests
to the carbon budget of the Brazilian Amazon. The application of this parameter-set to
estimate secondary forest above ground biomass is presented in the following chapter
including model sensitivity to changes in climate.
Chapter 7
Application of 3-PG to Mixed
Secondary Forests
7.1 Introduction
Secondary forests accumulate biomass rapidly and their rate of sequestration is an
important variable for the global carbon cycle (GCC) and future land use management
and planning (Chazdon et al., 2016). Esp´ırito-Santo et al. (2014) considered the role
of the Brazilian Legal Amazon (BLA) as part of the missing carbon sink through
sequestration by regenerating tree fall gaps. Secondary forests are estimated to have a
similarly large extent to these natural disturbances with ⇡21–35% of deforested areas
in the Amazon supporting regenerating forests (Lucas et al., 2000; Carreiras et al.,
2006b; Hansen et al., 2013; de Almeida et al., 2016). The above ground biomass (AGB)
content of these forests is primarily determined by their age, thus AGB estimates range
from 15 to 232.6 Mg ha 1 in Manaus over 37 years of growth (Chapter 5). These
regrowth forests have the potential to attain an AGB equivalent to mature forests
ranging from 252–356 Mg ha 1 (Laurance et al., 1999; Avitabile et al., 2015). Owing
to these di↵erences, uncertainty of AGB fluxes for regrowth forests in the Americas is
high, approximately 50 % (Pan et al., 2011). Therefore, quantifying this biomass pool
will aid in the understanding of the role that these forests play in the regional carbon
budget.
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7.2 Regional biomass estimates
To date there has been no direct consideration of secondary forest, particularly on
the basis of its age and distribution in regional AGB estimates(Table 7.1). Two of
the most recent estimates of AGB across the tropics, that include areas of secondary
forest, are derived from a combination of field and remotely sensed data (Saatchi et al.,
2011a; Baccini et al., 2012). Both estimates (Saatchi and Baccini respectively herein)
utilise similar methods and datasets. This includes discrete canopy height estimates
from the ICESat GLAS LiDAR sensor which is converted to AGB through empirical
relationships between LiDAR variables and field estimates of AGB in the same footprint.
These estimates are extrapolated using non-linear models in MaxEnt (Saatchi) and
Random Forests (Baccini) across the landscape. Variables used in these models include:
visual and infra red reflectance from Moderate Resolution Imaging Spectroradiometer
(MODIS) sensors; elevation data from the Shuttle Radar Topography Mission (SRTM)
and QuickSCAT radar scatterometer data (Saatchi only).
Table 7.1: Estimates of above ground biomass for the Brazilian Amazon and Pan-
tropical rainforests. *potential cover. **also included field measurement interpolation.
Table adapted and updated from Houghton et al. (2001). Studies which included ‘some’
secondary forests did not consider them seperately from mature forests.
Extent Method and source Spatial resolution Secondary forests
Amazon
Multiplying mean biomass density
Olson et al. (1983) 1° included
Fearnside (1997)* 1 km some
Houghton et al. (2000)** 30m included
Field measurement interpolation
Gillespie et al. (1992)* 1 km some
Houghton et al. (2001) 5 km avoided
Malhi et al. (2006) 0.5° avoided
Nogueira et al. (2008) 1 km some
MCT (Ministry of Science and Technology) (2016) 1 km included
Mitchard et al. (2014) 500 m avoided
Methods based on environmental gradients
Brown (unpublished) 5 km avoided
U.S. Agency for International Development, 2012 - -
Forest growth modelling
Potter et al. (2001) 1° some
Hirsch et al. (2004) 63 km included
White et al. (2006) 0.5° some
Remote sensing
DeFries and Belward (2000) 1 km some
Saatchi et al. (2007) 1 km included
Pan-tropical
Saatchi et al. (2011a) 1 km some
Baccini et al. (2012) 500 m some
Avitabile et al. (2015) 1 km some
Di↵erences in these estimates comes, in part, as a result of their respective nominal
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dates, Saatchi is 2000–2001 whilst Baccini is 2007–2008. Both estimates used allometric
equations from the same source (Chave et al., 2005). However, Baccini did not include
wood density whilst Saatchi did. Uncertainty of Saatchi ranges from ±6 % to ±53 %
for each pixel (Saatchi et al., 2011a) whilst Baccini has an overall uncertainty of ±7 %
for Amazonia (Baccini et al., 2012). Avitabile et al. (2015) (Avitabile herein) sought to
refine these estimates through the use of independent field data and high-resolution
local or national AGB maps as reference datasets. This fused data approach used bias
removal and weighted linear averaging to incorporate and spatialise biomass patterns
indicated by the reference data. This was applied to areas with homogeneous error
patterns in Saatchi and Baccini. AGB estimates in Avitabile were lower than both
Saatchi (9 %) and Baccini (18 %) over their common area across the tropics. However,
Avitabile estimated higher AGB than Saatchi and lower estimates than Baccini in the
central Amazon basin in the fused map (Avitabile et al., 2015).
Information on secondary forest AGB was included in the field data utilised by Saatchi,
Baccini and Avitabile (Saatchi et al., 2011a). However, none of the AGB estimates
considered forests as separate classes e.g. old-growth, secondary, degraded and savannah.
Structural di↵erences between old-growth and secondary forest such as multiple canopy
layering vs. single canopies (Steininger, 2000; Pen˜a-Claros, 2003) are not detectable
using metrics of canopy height and near infra red reflectance. Therefore the same
relationships applied to mature forests cannot necessarily be applied to secondary
forests.
7.3 Climate change
Increasing concentrations in atmospheric CO2 have contributed to estimates of changes
in mean air temperature and precipitation in Amazonia ranging from 1.7 to 5.6 ￿
and -13 to 21 % this century, respectively (Alexander et al., 2013). In addition,
increased temporal and spatial variability in the climate of Latin America is expected
e.g. >70% of climate models predict an annual rainfall reduction in the Eastern Amazon
during the dry season (Alexander et al., 2013). Disruption of the El Nino Southern
Oscillation (ENSO) has the potential to increase the severity of droughts in the region,
especially when coupled with seasonal reductions in rainfall (Cochrane and Barber,
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2009). Increases in drought frequency and severity (Lewis et al., 2011) are already
causing: persistent changes in canopy structure and moisture content (Saatchi et al.,
2013a; Hilker et al., 2014); increased tree mortality (Williamson et al., 2000; Rolim et al.,
2005; Doughty et al., 2015); reductions in soil water and increased fire activity (Araga˜o
et al., 2007; Zeng et al., 2008; Malhi et al., 2008). These heightened mortality rates and
the subsequent loss of biomass demonstrates the vulnerability of the Amazon forests
to moisture stress through hydraulic failure (Phillips et al., 2009; Choat et al., 2012;
Corlett, 2016). The release of carbon from tropical forests as a result of these e↵ects may
exacerbate future climate perturbations, although their magnitude is uncertain (Bonan,
2008; Malhi et al., 2008). CO2 fertilisation, although common in other biomes (e.g.
Donohue et al., 2013), has not been proven to occur in tropical forests where increased
concentrations of atmospheric CO2 have increased water-use e ciency, a response often
associated with severe soil water deficits (Cernusak et al., 2013; Groenendijk et al.,
2014; van der Sleen et al., 2015). In 3-PG2, CO2 is used in the calculation of a growth
modifier which influences the e ciency with which a stand can utilise the incident solar
radiation (canopy quantum e ciency). However this parameter is as yet undeveloped
and has little bearing on the final model output.
The majority of climate change sensitivity studies incorporating forest growth modelling
in the tropics have been carried out using Dynamic Global Vegetation Models (DGVM)
whilst only a few examples investigate impacts at site specific scales (Table 7.2).
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Table 7.2: Forest growth model sensitivity to future climate change and climate
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7.4 Outline and objectives
This chapter focuses on the implementation of a process based model approach to study
the forest growth and above ground biomass accumulation of secondary forest (SF)
in the central and western Brazilian Amazon. This work presents the estimation of
secondary forest biomass using the forest growth model previously parameterised in
Chapter 6, Physiological Principles Predicting Growth (3-PG2). Modelling estimates
are compared to existing pan-tropical AGB maps. Model sensitivity to climate change is
studied to inform on applicability of the use of 3-PG2 for modelling patterns of biomass
accumulation in the future.
7.5 Methods
7.5.1 Data
This study utilises the parameter-set derived for 3-PG2 in Chapter 6 for Manaus.
However, the parameter-set derived in Chapter 6 is only validated for SF north of
Manaus so estimates for Santare´m and Machdinho d’Oeste should be treated as un-
validated.The initial site factors used for each site are detailed in Table 7.3. Default
values for parameters are used when unknown, whilst others were assumed (e.g. initial
biomass pools, Chapter 6).
Aboveground biomass was simulated up to 2011 for Manaus and Machadinho d’Oeste
and 2010 for Santare´m by simulating SF growth in each pixel. The PlantedDate was
determined as:
PlantedDate = Final Year Of Prediction  ASF (7.1)
where ASF is the age of the secondary forest patch determined for each year of simulation
in Chapter 4. This was used to select the appropriate climate data for driving each
model run and endAge, equal to the ASF, for determining the runtime of each model
run.
The climate data required by 3-PG2 is detailed in Chapter 6, Table 6.3. Monthly
average climate data including maximum and minimum air temperature and total
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Table 7.3: Names and description of initial stand parameters and site factors used
in model initialisation for simulating the growth of secondary forest near Manaus,
Santare´m and Machadinho d’Oeste. * In the context of this research the PlantedDate
is the date each site is abandoned.
Variable Manaus Santare´m Machadinho d’Oeste Source
Latitude (degrees) -2.33 -3.1 -9.3 –
FR (0–1) 0.3 0.3 0.3 Nightingale et al. (2008b)
CO2 (ppm) 395 395 395 Keeling et al. (2005)
MaxASW (mm) 1000 1250 1000 Nepstad et al. (2004)
MinASW (mm) 250 250 250 Nepstad et al. (2004)
iASW (mm) 500 500 500 Default
SoilClass Clay Sandy clay Sandy clay ISRIC (2013)
WFi (Mg ha 1) 0.0002 0.0002 0.0002 Nightingale et al. (2008b)
WRi (Mg ha 1) 0.0016 0.0016 0.0016 Nightingale et al. (2008b)
WSi (Mg ha 1) 0.0082 0.0082 0.0082 Nightingale et al. (2008b)
iStocking (trees ha 1) 2005 2005 2005 Chapter 5
Salinity (dS m 1) 0 0 0 Default
%Stones (%) 0 0 0 Default
Soil depth (m) 5 5 5 Default
%treeCover (%) 100 100 100 Default
edgeTrees (trees ha 1) 0 0 0 Default
PlantedDate (Year/month) Times-series classification dependant –
initialAge (years) 0.1 0.1 0.1 –
endAge (years) Times-series classification dependant –
precipitation were obtained from the beginning of regrowth at each study site (Manaus
– 1977, Santare´m – 1984 and Machadinho d’Oeste – 1984, Chapter 4). Climate data
for Manaus was collected at Manaus Banco de Dados Meteorolo´gicos para Ensino e
Pesquisa (BDMEP) meteorological station, Santare´m BDMEP station for Santare´m and
Jaru reserve, the nearest (35 km) BDMEP station, for Machadinho d’Oeste (BDMEP,
2014). Gaps in the meteorological data were filled with the mean value for that month
from the dataset. Monthly estimates of total incoming short-wave solar radiation were
obtained from the NASA Global Modelling and Assimilation O ce (Global Modeling
and Assimilation O ce (GMAO), 2015). Soil information, including texture (Appendix,
Table A.6) and water holding capacity in the A and B horizon were obtained from the
Soil and Terrain Database (ISRIC, 2013) and Dunne and Willmott (1996). The soil
fertility growth modifier was set at 0.3 for all sites (Nightingale et al., 2008b). These
attributes were considered uniform across each SF patch and study site.
Remote sensing derived estimates of AGB by Saatchi et al. (2011a), Baccini et al.
(2012) and Avitabile et al. (2015) were downloaded via pers. comms. with Saatchi
et al. (2011a), http://www.whrc.org and http://www.wageningenur.nl/, respectively.
These data were subset to the same extent of each study site. Following this each was
resampled to 30 m and projected to the corresponding universal transverse mercator
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zone for each site using a nearest neighbour transformation algorithm (Prates-Clark
et al., 2009; Cutler et al., 2012; Carreiras et al., 2014) for comparison with the outputs
of this chapter. Each estimate was masked to the area of SF delineated in Chapter 4,
at the appropriate year.
7.5.2 Above ground biomass simulations
Above ground biomass was simulated for each site up to the same year as the latest
available Landsat imagery in Chapter 4. Following a model run for each pixel, the final
AGB was stored and all AGB values were written to the attribute table in a raster
file upon completion. This was implemented using a script written in Python and the
open source KEA raster file format that supports raster attribute tables (Bunting and
Gillingham, 2013).
Forest growth was simulated up to the years 2000, 2007 and 2009 for comparison with
the remote sensing (RS) derived estimates of Saatchi, Baccini and Avitabile, respectively.
The di↵erence between each RS estimate and that produced by 3-PG2 was calculated for
each study site for the area of SF delineated in Chapter 4. Summary statistics of each
estimate were derived for the area of SF delineated in Chapter 4, at the appropriate year,
at each site for comparison. Boxplots provided an overall comparison between 3-PG2
and the RS estimate whilst 2D histograms provided a comparison of the distributions
of AGB. These analyses were carried out in the open source RSGISLib (Bunting et al.,
2014) and R (Team, 2015) software packages.
7.5.3 Climate sensitivity
Sensitivity to variations in climate was assessed using individual model runs driven
by the initial conditions and parameter-set for Manaus only. The e↵ect of alternative
climate scenarios on AGB accumulation was investigated through five mean annual
precipitation scenarios and five mean annual air temperature scenarios by varying
monthly precipitation and (minimum and maximum) air temperature separately. Quar-
terly di↵erences within years, in air temperature and precipitation were used to reflect
seasonal di↵erences (Table 7.4). These scenarios represent the regional climate change
estimates in Amazonia (68°80’0” W, 19°55’0” S to 50°00’0” W, 11°43’9” N) between
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the periods 1980 to 1999 and 2080 to 2099 for IPCC scenario A1B (Alexander et al.,
2013) which represents energy systems with a balance between fossil and non-fossil
fuels. These scenarios were compared to results derived from the climatic conditions
between 1980 and 1999. Each model run simulated 37 years of growth, the maximum
age for which the parameter-set in 3-PG2 is validated. Climate sensitivity was assessed
through comparison of AGB growth curves and final AGB attained for each climate
scenario.
Scenarios in which precipitation and air temperature varied simultaneously were not
included in this study as they were not readily available (Alexander et al., 2013).
Combining the separate distributions of precipitation and air temperature scenarios
would not overcome this as the individual models making up these two sets of scenarios
do not make up the same distribution i.e. lower quartile predictions for air temperature
may not correspond to the same quartile of precipitation predictions.
Table 7.4: Distribution statistics of changes to mean air temperature and precipitation
in the 21 model predictions from 1980–1999 mean to 2080–2099 mean (Alexander et al.,
2013). DJF - December, January February; MAM - March, April, May; JJA - June,
July, August; SON - September, October, November
Temperature Response (￿) Precipitation Response (%)
Season Min Lower quartile Median Upper quartile Max Min Lower quartile Median Upper quartile Max
DJF 1.7 2.4 3 3.7 4.6 -13 0 4 11 17
MAM 1.7 2.5 3 3.7 4.6 -13 -1 1 4 14
JJA 2 2.7 3.5 3.9 5.6 -38 -10 -3 2 13
SON 1.8 2.8 3.5 4.1 5.4 -35 -12 -2 8 21
Annual 1.8 2.6 3.3 3.7 5.1 -21 -3 0 6 14
7.6 Results
7.6.1 Above ground biomass simulations
Figure 7.1 shows AGB estimates for the three study sites in 2010 for Santare´m and
2011 for Manaus and Machadinho d’Oeste. Manaus had the highest estimates of AGB
in SF areas followed by Santare´m then Machadinho d’Oeste (Table 7.5).
Distributions of 3-PG2 estimates of AGB are consistently lower than those derived from
remote sensing data at Manaus (Figure 7.2). Median values for the remote sensing
estimates were always greater than the maximum predictions for the corresponding
3-PG2 estimates at Manaus with a mean di↵erence of 59.9 %. However, this is not the
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Figure 7.1: Distribution of estimated total live woody aboveground biomass (AGB) from
3-PG2 for secondary forests at 30 m resolution for the Manaus, Santare´m and Machad-
inho d’Oeste.
case when considering the addition of uncertainty (38.2 Mg ha 1) to the 3-PG2 estimates
(Table 7.5). There was an overlap of the upper quartiles of the 3-PG2 estimates with the
lower quartiles of the Baccini and Avitabile estimates when including the uncertainty
in the 3-PG2 estimate. Remote sensing estimates were consistently higher than the
corresponding 3-PG2 AGB estimate by a factor of 3.6.
Figure 7.2: Comparison of above ground biomass (AGB) for each remote sensing derived
estimate and 3-PG2 simulated AGB for corresponding year at Manaus.
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The summary statistics for Santare´m and Machadinho d’Oeste demonstrate the same
di↵erences between the 3-PG2 and remote sensing estimates of AGB (Table 7.5).
However there is overlap of the upper quartile for 3-PG2 and lower quartile for Saatchi at
Machadinho d’Oeste. Di↵erences between estimates hold when uncertainty is considered
for Santare´m. Whilst all estimates of AGB for Machadinho d’Oeste are within the
uncertainty bounds of 3-PG2.
Table 7.5: Summary of above ground biomass estimates for secondary forest near
Manaus, Santare´m and Machadinho d’Oeste from remote sensing data and the forest
growth model 3-PG2. * Mean uncertainty of pixels covering SF. **Relative error for
Latin America, 27.8% of SF mean.
Above ground biomass estimate (Mg ha 1)
Manaus
Min Lower quartile Median Mean Upper quartile Max Uncertainty Total (Pg)
3-PG 2000 0.8 51.2 95.3 86.0 126.7 194.8 ±36.5 0.0777
Saatchi 4.0 176.0 239.0 211.1 264.0 373.0 ±57.6** 0.1908
3-PG 2007 0.7 34.5 78.5 80.7 138.6 183.9 ±36.5 0.0729
Baccini 46 164 197 218.7 283 378 ±25 0.1963
3-PG 2009 0.8 45.0 82.6 88.5 143.1 190.8 ±36.5 0.0800
Avitabile 1.4 175.6 207.3 207.3 240.1 404.7 ±26.6 0.1860
Santare´m
Min Lower quartile Median Mean Upper quartile Max Uncertainty Total (Pg)
3-PG 2000 0.9 12.9 30.6 28.9 32.9 80.2 ±36.5 0.0143
Saatchi 4.0 94.0 219.0 183.6 258.0 376.0 ±51.0** 0.0904
3-PG 2007 0.7 17.7 41.2 35.9 43.8 98.7 ±36.5 0.0178
Baccini 35.0 152.0 183.0 196.1 235.0 367.0 ±25 0.0965
3-PG 2009 0.7 21.7 47.7 41.6 53.4 106.8 ±36.5 0.0205
Avitabile 7.7 145.8 198.3 225 317.7 477.7 ±39.4 0.1109
Machadinho d’Oeste
Min Lower quartile Median Mean Upper quartile Max Uncertainty Total (Pg)
3-PG 2000 0.8 4.7 23.1 35.2 58.5 138.5 ±36.5 0.0187
Saatchi 3.0 24.0 56.0 94.6 155.0 411.0 ±43.1** 0.0499
3-PG 2007 0.8 5.5 20.6 34.6 58.6 150.9 ±36.5 0.0184
Baccini 29.0 98.0 120.0 125.3 151.0 296.0 ±25 0.0659
3-PG 2009 0.7 3.0 18.7 30.4 54.1 145.7 ±36.5 0.0166
Avitabile 0.1 99.7 121.8 135.8 164.3 358.2 ±20.2 * 0.0719
Histograms of the AGB distributions of the remote sensing derived estimates (x-axis)
and corresponding 3-PG2 estimates (y-axis) were compared using 2D histograms (Figure
7.3). Estimated AGB values with a high frequency in both histograms are shown in red
and areas of low frequency in blue. Areas of highest frequency concordance between
Saatchi and it’s related 3-PG2 estimate occurred at 240–270 Mg ha 1 and 40–60 Mg
ha 1, respectively, followed by 125–155 Mg ha 1 in the 3-PG2 estimate (Figure 7.3A).
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The highest frequency concordance between Baccini and 3-PG2 was 155–170 Mg ha 1
and 40 Mg ha 1, respectively (Figure 7.3B). The greatest concordance between Avitabile
and 3-PG2 was greater than Saatchi and Baccini. However, frequency concordance was
less concentrated than the other comparisons resulting in fewer high frequency areas
in the comparison (Figure 7.3C). All comparisons had an r 2 <0.1 for the correlations
between the pixels values of the outputs from this chapter and the respective remote
sensing estimate.
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In comparison to Saatchi, the majority of 3-PG2 estimates with a di↵erence <100 Mg
ha 1 are distributed in the large continuous blocks of SF (Figure 7.4A). Di↵erences >300
Mg ha 1 are isolated to small patches throughout the study site. Negative di↵erences
occur in the small SF stands in the south of the study site and at the boundaries
between SF and non-forest (NF). Positive di↵erences of AGB in Baccini compared
to 3-PG2 are greatest along roads; SF and mature forest boundaries and blow downs
(Figure 7.4B). There is little negative di↵erence between Baccini and 3-PG2.
The distribution of higher estimates by Avitabile, compared to 3-PG2 in Manaus, is
evenly distributed across the study site with less of a pattern in its spatial heterogeneity
(Figure 7.4C). Negative di↵erences occur predominantly in the south of the study site.
Continuous blocks of SF covered by multiple 0.5–1 km pixels in the RS estimates show
lower di↵erences to the 3-PG2 estimates in the comparisons with Baccini, and Avitabile
particularly.
Figure 7.4: Di↵erence maps obtained by subtracting the AGB estimates of 3-PG2 from
Saatchi (a), Baccini (b) and Avitabile (c) at Manaus.
7.6.2 Climate sensitivity
Increases in mean annual air temperature above a mean of 1.8 ￿ resulted in a decrease
of final AGB after 37 years of growth in comparison with current conditions (Figure
7.5A). Increases in annual precipitation of  6 % caused final AGB to increase. Whilst
the median IPCC prediction for annual precipitation remained the same as present
day levels, the distribution of precipitation changed seasonally with a shift to more
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extreme wet seasons and dry seasons causing final AGB to increase by 23 Mg ha 1.
Decreases in annual precipitation  3 % resulted in a decrease of 0.22 Mg ha 1 mm 1 in
final AGB after 37 years of growth (Figure 7.5B). After 4–5 years of growth the AGB
accumulation rates in the air temperature scenarios diverged whilst this occurred in <4
years when altering the annual precipitation (Figure 7.5C & D). Across the range of
predicted scenarios, changes in precipitation caused the greatest absolute di↵erences in
final AGB in comparison to mean annual air temperature, 221.7 Mg ha 1 and 50.6 Mg
ha 1, respectively.
Figure 7.5: A) Final AGB estimates as a function of mean annual air temperature. B)
Final AGB estimates as a function of mean annual precipitation. C) Estimated pattern
of AGB accumulation for di↵erent mean annual air temperatures. D) Estimated pattern
of AGB accumulation for di↵erent mean annual precipitation. Each mean annual air
temperature and mean annual precipitation is derived from the IPCC A1B scenario for
Amazonia.
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7.7 Discussion
7.7.1 Di↵erences in above ground biomass
The highest mean and median AGB were estimated in Manaus by 3-PG2 in comparison to
Santare´m and Machadinho d’Oeste. This is a result of the di↵erence in age distributions
between each location (Chapter 4). This is supported by similar di↵erences between sites
when comparing mean and median AGB of each RS estimate. Mitchard et al. (2014)
showed similar trends, at a regional scale, of increasing AGB with increasing latitude,
longitude and distance along a SW–NE line (i.e. Machadinho d’Oeste–Santare´m).
However these findings are not significant when utilising a generalized least square
method as they are spatially autocorrelated (Saatchi et al., 2015). Despite the similarity
in overall trends between this study and the RS estimates, the di↵erence in magnitude of
estimates highlights the importance of considering SF age and distribution (Guariguata
and Ostertag, 2001; Nee↵ et al., 2006; Wandelli and Fearnside, 2015; Jakovac et al.,
2015; Poorter et al., 2016) as neither are considered in the RS estimates.
Areas of SF smaller than the coarse resolution (0.5–1 km) of the remote sensing datasets
will be poorly represented in the RS studies compared here. Evidence for this can be
seen in the distribution of the largest di↵erences in AGB estimates between RS derived
maps and this chapter, often occurring within small patches of SF and at the interface
between SF and MF. Small patches of SF may be aggregated into larger pixels containing
MF whilst the finer detail for SF edges will be lost at coarser resolutions.
Spatial di↵erences arise as a result of heterogeneity in the forest structure within patches
of the same ages. This variation across a stand is detectable in the remote sensing
data sets used by Saatchi, Baccini and Avitabile (Varela et al., 2008; Lucas et al.,
2011; Nagendra et al., 2013; Re´jou-Me´chain et al., 2014) provided that areas of SF
are larger than the resolution of these data. Such variation will not be replicated by
this chapter as stands are treated as homogeneous areas, and can be considered a
limitation of implementing a stand based model in such an environment. This is evident
in the gradient of di↵erences between estimates, which neared 0 Mg ha 1 with greater
distance from MF. Distance to MF edge has been demonstrated to influence SF recovery
(Wijdeven and Kuzee, 2000; Cubin˜a and Mitchell Aide, 2001; Zermen˜oHerna´ndez et al.,
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2015; ArroyoRodr´ıguez et al., 2015) as they are often the source of seeds and new
propagules in areas where the seed bank has been denuded (Uhl et al., 1988). This
highlights possible limitations of implementing a forest growth model with no spatial
interaction between stands and surrounding land cover types in an unmanaged setting.
Forest landscape models simulate interaction between stands, however their resolution
is too coarse (>100 ha) to represent SF (Mladeno↵, 2004). 3-PGSpatial (3-PG2S)
(Almeida et al., 2007a) includes spatially variable inputs for soil parameters and a
species module which provides the ability to model more than one species, or in the
case of this chapter, species groups, across the landscape. These modifications however,
are still in development and the species module does not allow spatially variable inputs
(Almeida et al., 2007a).
A constant value of 0.01 Mg ha 1 for the initial biomass pool is not representative of the
spatial variability found in naturally regenerating forests landscapes where AGB varies
between 0.4 and 8.4 Mg ha 1 within the first year (Anderson et al., 2006). Varying
the initial biomass pool between simulations was shown to influence the final AGB
estimates in 3-PGS (Nightingale et al., 2008a). This has the potential for RS derived
estimates to be higher than to those by 3-PG2 for SF regenerating in areas such as
blow-downs and other natural disturbance, e.g. the large blow-down in the north west
of the study site in Manaus. These areas often have higher tree species diversity in
comparison to those areas subject to anthropogenic influences (Chambers et al., 2013;
Baker et al., 2016) and a ready source of seedlings and saplings leading to rapid recovery
for biomass (Turner et al., 1998). In this chapter, this was seen in the comparison
of all RS estimates to 3-PG2 with areas of AGB <50 Mg ha 1 in 3-PG2 being shown
to have higher AGB estimates in each corresponding RS estimate. It is important to
understand this uncertainty in the AGB of natural disturbances such as blow-downs,
ranging from 0.01 ha to 2,651 ha, covered a total of 92,656 ha from 1988 to 2001 in the
BLA (Nelson et al., 1994; Esp´ırito-Santo et al., 2010, 2014).
Higher estimates by 3-PG2 than the remote sensing estimates occur at the edges of
intensively used pastures and small fragments that are densely distributed north of
Manaus. In such areas, AGB accumulation is often limited by edge e↵ects, such as
increased tree mortality or variation in seed rain with distance from forest sources in
(Chaplin-Kramer et al., 2015). Additional biomass loss occurs at forest edges through
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tree mortality of large trees within 300 m of the forest edge due to changes in the
micro climate and elevated wind turbulence (Laurance et al., 1997, 2000). These are
replaced by short-lived pioneers in high stem densities (Laurance et al., 2006) thus
reducing AGB in these areas (Nascimento and Laurance, 2004). These forests would
therefore have lower AGB than forests of a similar age as estimated by this chapter.
Additional causes of the discrepancies seen between estimates include di↵erences in
parameterising sample plot measurements; weak allometric relationships for SF in the
RS derived estimates (Ometto et al., 2014); sample plot size (Anderson et al., 2010);
deforestation between remote sensing data acquisition dates and di↵erences in height
and specific wood density across biogeographic areas (Feldpausch et al., 2011).
7.7.2 Importance for Brazilian Amazon
INPE determined the area of land within the PRODES deforestation estimates under
secondary vegetation to be 3.3 % (16.5 Mha) of the BLA in 2010 (de Almeida et al.,
2016). The mean SF age distribution of the three areas studied in this thesis in 2010,
the last common date, was 29 %, 45 % and 26 % for young (0–5 years), intermediate
(6–15 years) and advanced ( 16 years) SF, respectively. Assuming this distribution is
consistent across the BLA there was 4.8 Mha, 7.4 Mha, 4.3 Mha of young, intermediate
and advanced SF present, respectively, in 2010. Using 3-PG2, regionally variable growth
rates can be used to estimate the mean above ground carbon (AGC) within each age
class. This variation was achieved using the initial datasets outlined in Chapter 6 and
7. Mean simulated AGC across the three studies sites for these classes is 5.0±5.6 Mg
C ha 1, 39.8±18.2 Mg C ha 1 and 128±41.7 Mg C ha 1, respectively, assuming the
carbon content of AGB is 45 % (Fearnside, 2000). Estimated secondary forest carbon
content for the Brazilian Amazon in 2010 is shown in Table 7.6.
Table 7.6: Estimated secondary forest age and above ground biomass distribution for
the Brazilian Legal Amazon. Assumptions of age are based on the distributions see
at Manaus, Santare´m and Machadinho dOeste in Chapter 4. Above ground biomass
estimates are derived from 3-PG2.
1–5 years 6–15 years  16 years Total
Area (Mha) 4.8 7.4 4.3 16.5
Total biomass (Pg C) 0.0108 0.1334 0.2487 0.39
Total standard deviation (Pg C) 0.0120 0.0609 0.0806 0.15
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The Brazilian Ministry of Science and Technology (MCT) estimated 18.1 ⇥ 106 Mg C
yr 1 absorption by SF between 2002 and 2010 in their Third National Communication
to the United Nations Framework Convention on Climate Change (UNFCC). Carbon
(C) in AGB accumulated at a rate of 2.6 Mg C ha 1 yr 1 over 6,998,799 ha (MCT
(Ministry of Science and Technology), 2016), using a carbon content of AGB as 45 %
(Fearnside, 2000). Secondary forest age distribution for 2010 in Manaus, Machadinho
d’Oeste and Santare´m ranged from 1 to 33 years with 72 % 15 years old (Chapter 4).
Mean AGC accumulation rate of these forests, as predicted by 3-PG2 across the three
sites, is shown in Table 7.7. Assuming these distributions and accumulation rates are
representative of the BLA, the estimate of secondary forest carbon uptake is higher by
a factor of 1.77 in Brazil’s communication to the UNFCCC. The absolute di↵erence is
7.9 ⇥ 106 Mg C yr 1 between 2002 and 2010.
Wandelli and Fearnside (2015) conducted a similar comparison for Brazil’s Second
National Communication to the UNFCC (1994–2002) using di↵erent accumulation rates
for SF regenerating on pasture and SF regenerating on agriculture with an assumed
mean SF age of four years in 2002. Wandelli and Fearnside (2015) estimated that
carbon uptake estimated by MCT (Ministry of Science and Technology) (2010) was
higher by a factor of 4.1 with an absolute di↵erence of 6.8 ⇥ 106 Mg C yr 1. However,
this is owing to the use of the value of 9 ⇥ 106 Mg CO2 yr 1. Carbon dioxide has a
molecular mass 3.67 times greater than carbon, therefore the true estimate of AGC
accumulation for 1994–2002 was 2.5 ⇥ 106 Mg C yr 1. Therefore a revised carbon
uptake was higher by a factor of 1.14, with an absolute di↵erence of 0.3 ⇥ 106 Mg C
yr 1 according to Wandelli and Fearnside (2015). In addition, consideration of SF older
than 8 years was limited owing to the field data on which the AGC accumulation rates
were based. Where as in this thesis, all possible ages for SF, i.e. upto 37 years old, can
be considered using the results of Chapter 4 (Table 7.7).
Chazdon et al. (2016) estimated SF age based on a regression, derived from extensive
plot data, of AGB from Baccini et al. (2012) for Latin American countries including
Brazil. Secondary forest was divided into three age classes: 0–20 years, 20–60 years
and 60–100 years. This was achieved using the Michaelis-Menten (MM) equation:
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AGB = (a⇥ Age)/(a50 + Age) (7.2)
where a is an asymptote parameter that defines AGB of mature forests and a50 defines
the age at which 50 % of mature forest AGB is reached. These were derived from intact
forest reserves and a regression of total precipitation, climate water deficit and rainfall
seasonality, respectively. Table 7.8 shows the a and a50 for the three study sites and
the median AGB from Baccini et al. (2012) for the areas of SF identified in Chapter 4.
These data were used to estimated SF Age from the Baccini SF AGB for each study
site using the inverted MM equation, the same method as that used by Chazdon et al.
(2016):
Age = (a50 ⇥ AGB)/(a  AGB) (7.3)
where age is in years and AGB (Mg ha 1) is the median Baccini et al. (2012) for each
Table 7.7: Mean above ground carbon accumulation rates for secondary forest present
between 2002-2010, estimated by 3-PG2.
Age % of SF area AGC accumulation rate (Mg C yr 1) Total area (ha) Total accumlation rate (Mg C yr 1)
1 11.20% 0.33 783,764.38 261,306.84
2 6.80% 0.49 476,016.20 235,081.82
3 2.27% 0.52 158,637.11 81,782.62
4 3.45% 0.79 241,210.57 189,707.33
5 3.95% 1.04 276,378.07 288,740.82
7 8.92% 1.40 624,136.33 870,728.30
8 8.68% 1.46 607,228.88 886,893.55
9 6.11% 1.60 427,785.66 682,736.70
10 0.79% 1.68 55,138.18 92,484.66
11 6.45% 1.75 451,600.76 788,512.58
12 6.66% 1.80 466,316.57 841,595.33
13 1.29% 1.81 90,439.50 163,705.92
14 2.15% 1.85 150,698.74 279,118.58
15 3.45% 1.91 241,756.67 461,442.17
16 2.86% 1.95 200,126.37 390,775.74
17 1.14% 1.97 80,110.58 157,504.26
18 1.91% 1.93 133,328.37 256,717.20
19 3.35% 2.03 234,371.64 476,442.52
20 0.52% 2.11 36,632.21 77,255.50
21 3.15% 2.15 220,704.64 474,956.21
22 4.46% 2.19 312,442.48 683,784.59
23 0.23% 2.18 16,216.69 35,321.69
24 0.47% 2.16 32,943.31 71,316.10
25 4.87% 2.16 341,186.96 736,696.98
26 0.51% 2.17 35,380.88 76,677.59
27 4.24% 2.21 296,945.49 655,206.55
33 0.10% 2.27 7,301.85 16,603.28
Total 6,998,799.10 10,233,095.41
CHAPTER 7. APPLICATION OF 3-PG TO MIXED SECONDARY FORESTS 162
study site.
Table 7.8: Michaelis-Menten equation parameters for Manaus, Santare´m and Machad-
inho d’Oeste.
3-PG2 a50 a (Mg ha 1) Median Baccini et al. (2012) SF AGB (Mg ha 1)
Manaus 31 355 (Laurance et al., 1999) 197
Santare´m 37 372 (Keller et al., 2001) 183
Machadinho d’Oeste 56 446 (Alves et al., 1997) 120
This resulted in a median SF age of 39, 36 and 21 for Manaus, Santare´m and Machadinho
d’Oeste, respectively. These ages for SF in 2008 are, on average, 3.4 times greater
than those derived from the dense time series analysis in Chapter 4 from the same
year. This indicates that SF 0–20 years would represent a greater proportion of the
SF aged 60–100 years in moist tropical forests in the BLA than predicted by Chazdon
et al. (2016). This increase would be mirrored by a reduction in SF between 20–60
years old as a portion of it would be categorised as younger forest. However this age
class, and SF aged 60–100 years, has a mean AGB above that for which 3-PG2 was
parameterised in Chapter 6. These di↵erences reflect the estimated mean di↵erence in
SF AGB shown in this Chapter by Baccini et al. (2012). If these di↵erences in AGB
are representative of the entire BLA this will alter the AGC held within the SF aged
0–60 years categorised by Chazdon et al. (2016), thus a↵ecting their contribution to
the carbon balance of the BLA. However, it is di cult to quantify the extent to which
the estimates of Chazdon et al. (2016) will change in this discussion, due to a lack of
data field and model parameter-sets for SF older than 37 years.
In addition, Chazdon et al. (2016) estimates that SF (0–20 years) represents 21 % of
land cover in Brazil in 2007–2008 whilst INPE categorised only 3.31 % of the BLA as
secondary vegetation in 2010 (Almeida Castanho et al., 2016). Hansen et al. (2013)
showed that 0.9 % of forests across the entire extent of Brazil, and 0.4 % in the BLA,
started regrowing after 2000. Hansen et al. (2013) used Landsat data from 2000–2012
limiting the maximum SF age to 11 years. de Almeida et al. (2016) mapped deforestation
for 37 years (1973–2010) and has therefore potentially categorised SF up to 36 years old.
Neither Hansen et al. (2013) or de Almeida et al. (2016) estimate forest age. Comparison
between these values is di cult owing to di↵erences in temporal and spatial scales of
the data used for estimation of SF age and extent. This highlights the problems in
deriving useful comparative estimates of secondary forest’s contribution to the regional
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and global carbon balance
7.7.3 Climate sensitivity of 3-PG2
The findings of this chapter continue the downward trend in AGB accumulation rate with
increasing air temperature seen previously in Amazonian forest plots across temperature
gradients (Malhi et al., 2004), where rates of accumulation decreased from 8.2 Mg ha 1
yr 1 to 5 Mg ha 1 yr 1 from 23 ￿ to 28 ￿. This linear trend is continued in this
chapter with accumulation rates of 4 Mg ha 1 yr 1 to 2.7 Mg ha 1 yr 1 from 29 ￿
to 32 ￿. Similarly, this chapter is in-line with other studies that showed a negative
correlation between increasing air temperature and productivity (Zhao and Running,
2010; Vlam et al., 2014; Schippers et al., 2015).
In 3-PG2, maximum air temperature is used to constrain productivity through the
temperature growth modifier which reduces the canopy quantum e ciency. Increases in
mean annual air temperature above this mean reduces AGB accumulation in tropical
trees as they currently operate at their optimum temperature (Way and Oren, 2010).
Each IPCC air temperature scenario raises the maximum air temperature. This elevates
the mean annual air temperature above the optimum temperature for growth as defined
by the long term mean (27.6 ￿). Increases in air temperature will increase vapour
pressure deficit (VPD) (Ryan, 2011), particularly as evapotranspiration was not altered
in this chapter. This will cause a decrease in the VPD growth modifier and cause a
further reduction in productivity in 3-PG2 (Landsberg and Waring, 1997).
Decreases in tree growth in the reduced precipitation simulations of this chapter show a
similar trend to throughfall exclusion experiments across the tropics (Brando et al., 2008;
Trumbore and Barbosa De Camargo, 2009; Metcalfe et al., 2010; Schuldt et al., 2011).
Reductions in precipitation of 30–40 % caused a mean reduction in AGB accumulation
of 0.7 Mg ha 1 yr 1 in throughfall experiments in Amazonia (Brando et al., 2008;
Trumbore and Barbosa De Camargo, 2009; Metcalfe et al., 2010). In addition, Fischer
et al. (2014) showed that a reduction >30 % in precipitation was required to impact
above ground carbon stocks by use of a process based model. These findings however are
in contrast to this chapter which indicated that a 21 % reduction in annual precipitation
reduced AGB accumulation by 2.9 Mg ha 1 yr 1. Phillips et al. (2009) showed that
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mature forests subjected to a 100 mm increase in water deficit, lost 10.6 Mg ha 1. Whilst
the same reduction in precipitation caused the final AGB of secondary forests to decline
by 27 Mg ha 1 in 3-PG2. These comparisons highlight a possible limitation in using
3-PG2 to simulate the e↵ects of reduced precipitation on tropical forest growth.
In this chapter, a positive correlation between increasing precipitation and AGB accu-
mulation is indicative of available soil water limitation on tree growth given current
temperature conditions in 3-PG2. The soil water growth modifier determines the overall
e↵ect of the volume of available soil water on productivity. It is derived from soil
texture constants and available soil water which increases with increased precipitation
in 3-PG2 (Almeida et al., 2007a). Similarly to this chapter, Malhi et al. (2004) indicated
a positive correlation between annual precipitation and AGB accumulation rates in
Amazonia forest plots. However, the increase in AGB accumulation predicted by 3-PG2
was six times greater than that shown by Malhi et al. (2004). Although it is likely that
this is because they were unable to control mean annual air temperature in the field,
this is important because it was shown to have a greater correlation with above ground
coarse wood productivity than precipitation by Malhi et al. (2004).
These discrepancies in the prediction of responses by forest growth to changes in
precipitation are related to processes in the canopy and below ground. Root and foliage
components are key in determining the drought response of trees (McDowell, 2011). In
3-PG2 root volume determines the area of the root zone from which water can be utilised
and foliage mass is used in the simulation of canopy processes such as transpiration and
conductance. Partitioning to these components is not validated in this parameterisation
(Chapter 6) and may therefore require further parameterisation to e↵ectively simulate
the e↵ects of reduced mean annual precipitation on AGB accumulation.
The combined e↵ects of higher air temperature and lower precipitation are typical
of droughts often initiated by El Nino Southern Oscialltions (ENSO) in the Amazon
(Marengo et al., 2008; Zeng et al., 2008). These events have caused severe droughts in
the Amazon in recent decades causing losses in above ground carbon from 1.6 Pg C
to 2.2 Pg C (Lewis et al., 2011). Responses to climate change shown in this chapter
and White et al. (2006) highlight the potential of 3-PG2 to study the possible e↵ects
on individual secondary forest stands whilst considering greater stresses caused by
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ENSO extremes. This is currently limited to yearly time steps as modelling of seasonal
di↵erences in the water balance sub model require responses of canopy conductance
to temperature, VPD and soil water to be better understood (Almeida et al., 2007a).
However, increases in AGB accumulation subject to the median rainfall scenario indicate
that recent changes to the water use module of 3-PG in 3-PG2 are able to account for
seasonal variations in precipitation.
7.8 Conclusions
This chapter has presented an initial assessment of the process based forest growth
model 3-PG2 in estimating secondary forest above ground biomass in comparison to
the most up to date estimates of above ground biomass in the tropics. The highest
levels of above ground biomass in secondary forest were predicted for the Manaus site
were the oldest forests were located. This was followed by estimates for Santare´m
and lastly Machadinho d’Oeste where secondary forests were younger. Remote sensing
estimates of secondary forest above ground biomass up to 37 years old were higher by a
factor of 3.6 at the Manaus site. These estimates were used to highlight the uncertainty
in regional secondary forest biomass estimates owing to the unknown distribution of
secondary forest age and extent across the Brazilian Amazon.
Long term decreases in precipitation and increase in temperature from current climate
conditions will have a negative impact on secondary forest growth. Predicted changes in
mean annual precipitation caused greater changes in final AGB of 37 year old secondary
forests than predicted changes in temperature. Further parameterisation of 3-PG2 is




8.1.1 Does land use history derived from remote sensing in-
fluence secondary forest above ground biomass accumu-
lation?
Secondary forest (SF) age derived from the remote sensing time-series analysis produced
relationships with above ground biomass (AGB) accumulation comparable to studies
which assessed SF age through interviews with land owners and field observations (e.g.
Uhl et al., 1988; Alves et al., 1997; Feldpausch et al., 2004; Poorter et al., 2016). In
addition to validating SF AGB estimates, this result validates SF age derived from dense
time-series analysis of optical remote sensing imagery. Limitations of this approach are
related to the intensive analysis required to categorise each image into land cover types
and the classification accuracy assessment for years where validation data exist, prior
to conducting a time series analysis.
The lack of distinction between the chosen land use intensity classes, i.e. frequency
of clearance (FC) = 1⇥ and   2⇥ or period of active land use (PALU) 2 years and
 3 years, highlights that the threshold of remote sensing derived land use intensity
required to a↵ect long term AGB accumulation is likely to be similar to studies where
land was subject to ‘heavy use. Studies which characterised land use as ‘heavy use’ were
characterised by burning and high FC (e.g. Uhl et al., 1988; Wandelli and Fearnside,
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2015; Jakovac et al., 2015). This importance of FC was mirrored in this thesis by
the improvement of regression fitting to AGB and basal area when including FC,
especially.
8.1.2 Can secondary forest growth be modelled using a pro-
cess based forest growth model?
3-PG2 simulated a realistic representation of net primary productivity in tropical
rainforests. This demonstrates the robustness and applicability of the models core
physiological processes in forests other than single species plantations. Strong sensitivity
to temperature parameters was encouraging as similar controls are apparent in field
studies of tropical tree physiological responses (Schippers et al., 2015). In addition,
parameter sensitivity remained similar to studies of E.globulus plantations demonstrating
parameter and model stability across stand types (Song et al., 2012).
The lack of a representation of succession within the 3-PG2 structure led to limitations
in the models ability to reproduce the logarithmic growth curves often observed in SF
AGB accumulation (Poorter et al., 2016). This limitation is manifest in the model
initialisation of a new stand as the model is designed to simulate the growth of a known
number of planted trees which cannot increase with recruitment of new individuals.
Implementation of a recruitment module may be the first step towards addressing
this limitation as the current model structure already incorporates the processes of
self-thinning and density dependent mortality needed to simulate the mortality of
individual trees as succession progresses (Lohbeck et al., 2013; Lasky et al., 2014).
8.1.3 To what extent has the contribution of secondary forest
to the regional carbon budget been over estimated?
The use of combinations of remote sensing data and their relationships with field data
to estimate AGB of the tropics do not current consider SF separately from mature
forests. Therefore SF age cannot be considered when estimating the AGB of these
areas. Comparison of AGB estimates by Saatchi et al. (2011b); Baccini et al. (2012) and
Avitabile et al. (2015) for Manaus, Santare´m and Machadinho d’Oeste against estimates
derived from 3-PG2 highlight greater disagreement between remote sensing estimates
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and 3-PG2 at boundaries between SF and other land cover types in comparison to
areas of continuous SF. This exposes limitations of employing 3-PG2 to model natural
regrowth forests subject to spatial interactions with adjacent land covers. In addition,
owing to the fixed value for initial AGB (0.01 Mg ha 1), 3-PG2 estimates that AGB
recovery following natural disturbances is lower than remote sensing derived estimates
by >180 Mg ha 1.
Estimates reported to the UNFCCC may be up to 1.77 times greater than those by
3-PG2, assuming similar patterns of SF age and AGB across the BLA as seen here.
This di↵erences in SF AGB highlight the importance of understanding SF age and
extent.
8.1.4 Is a parameterisation of 3-PG2 for current climate con-
ditions an appropriate tool for assessing the impact of
future climate change on secondary forests?
Studies of site specific to global scale responses of forest growth to changes in temperature
and precipitation highlight the potential negative impacts of future changes in climate
(Brando et al., 2008; Phillips et al., 2009). 3-PG2 estimated that forest growth responses
to changes in precipitation and air temperature followed similar trends to those seen
elsewhere (e.g. Schuldt et al., 2011; Fischer et al., 2014; Vlam et al., 2014). Di↵erences
in scale and locality make comparison between estimates di cult. However, AGB
accumulation responses to decreases in precipitation were >5 times that seen in field
based experiments in the tropics (Brando et al., 2008; Metcalfe et al., 2010). Potential
causes of these discrepancies relate to incomplete validation of model outputs such as
root and foliage mass. These components are key in determining stand growth responses
to changes in air temperature and precipitation. Therefore, further parameterisation is
required to simulate responses of these forests to changes in climate. Following this,
consideration of the combined e↵ects of changing air temperature, precipitation and
evapotranspiration would potentially provide a more realistic forecast of SF responses
to future climate conditions.
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8.1.5 Wider importance
Globally, tropical forests cover 5816059.2 Mha (Hansen et al., 2013). Forest gain, natural
regrowth and plantations, present in 2012, which started growing in 2001, made up
0.4 % of this. The age of these forests, and those that began regrowing before 2001 is
still unknown. This study, and many others, show that SF age is the most significant
predictor of SF AGB (e.g. Wandelli and Fearnside, 2015; Poorter et al., 2016). Therefore
this is the most important parameter required to estimate SF contribution to the global
carbon cycle still requiring estimation as many other contributing factors, such as extent,
growth conditions and remote sensing measurements, are readily available.
Incorporation of spatially variable AGB estimates is an important next step in reporting
the national and regional contributions of forests for climate change mitigation. Variables
such as temperature, precipitation and radiation are key important drivers of forest
growth and can be considered through a process based modelling approach, such as
that described here. A modelling based approach, with the ability to forecast carbon
absorption though forest growth, will be beneficial in submitting national adaptation
programme of actions (NAPAs). NAPAs provide a process for Non-Annex I countries to
identify priority activities responding to their urgent and immediate needs with regard
to adaptation to climate change (Hardee and Mutunga, 2010). In Brazil and other Non
Annex I countries with deforested tropical forests a process based modelling framework
would allow the estimation of potential SF carbon sequestration in deforested areas yet
to be abandoned.
Di↵erences in land management have multiple implications for forest regrowth beyond
AGB (e.g. Martin et al., 2013; Cram et al., 2015; Newbold et al., 2015; Jakovac et al.,
2016). Land use-intensification, often resulting in high FC, explains more variation in
species density than SF age (Williamson et al., 2014; Mesquita et al., 2015) and impedes
SF height and BA increases (Jakovac et al., 2015). Areas with high land use intensity
may be at risk of entering a state of arrested succession which reduces SF potential to
provide environmental service to Amazonian people (Jakovac et al., 2015).
Knowledge of extent, condition and carbon content are key parameters for REDD+
monitoring and reporting. Along with the ability to forecast biomass accumulation, the
implementation of a forest growth model has the potential to be a key step in allowing
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more intelligent and active management of land to be achieved for meeting REDD+
targets and the role of regrowth in achieving those targets.
8.2 Main Findings
Using remote sensing and established field data analysis techniques this thesis investi-
gated the impact of land use intensity on recovery of above ground biomass in areas
undergoing regeneration. Land use intensity and age varied across the three sites studied
here. Manaus experienced the lowest intensity of land use and had some of the oldest
secondary forests. This in contrast to Machadinho d’Oeste where the secondary forests
exhibited the highest land use intensity and largest proportion of young forests of the
three study sites. These di↵erences are attributed to patterns in deforestation and
regrowth rates at the three locations.
After >30 years of regrowth in secondary forests near Manaus, there was no significant
di↵erence in above ground biomass estimates between land use classes; (defined by the
remote sensing metrics) frequency of clearance and period of active land use. After 37
years of regrowth secondary forests attained up to two thirds the above ground biomass
of mature forests near Manaus. Light to medium land use intensity does not cause
significant di↵erences in above ground biomass accumulation of secondary forests up to
37 years.
Using Monte Carlo analysis techniques a variance based global sensitivity analysis
and parameterisation was conducted for the process based forest growth model 3-PG2.
3-PG2 was demonstrated to be applicable outside of plantation forests, for which is was
designed, through a similarly high sensitivity to parameters operating at the models
core. This work presents the first 3-PG2 parameter-set for predicting, to the authors
knowledge, above ground biomass, basal area and diameter at breast height in moist
tropical secondary forest in the Brazilian Amazon up to 37 years of age.
Using regionally specific initial site parameters and meteorological data, the process
based forest growth model 3-PG2 was used to scrutinise the performance of current
remote sensing techniques in the estimation of tropical secondary forest above ground
biomass. Remote sensing derived estimates of above ground biomass were significantly
greater than those predicted by 3-PG2, on average by a factor of 3.6. Applying
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these adjusted biomass accumulation rates and assuming similar secondary forest age
distributions, the carbon uptake calculated in Brazil’s report to the UNFCCC was
greater than this study with in estimates for secondary forest carbon absorption of up to
1.77 times greater. Furthermore, the use of these remote sensing above ground biomass
estimates to derive secondary forests age has the potential to overestimate forest age by
a factor of 3. Based on estimates of secondary forest extent and assumptions of the
distributions of age and above ground carbon, the estimated carbon stored in secondary
forest of the Brazilian Amazon was 0.39 Pg C ±0.15 Pg C in 2010.
Increases in annual air temperature  1.7 ￿ reduce above ground biomass accumulation
by 0.4 Mg ha 1 yr 1 ￿ 1. Whilst trends in the responses to changes in annual
precipitation are similar to those indicated by field studies, their magnitude di↵ers by a
factor of up to six. Further investigation and parameterisation is required to validate
the applicability of 3-PG2 in forecasting forest growth in respect to future changes in
precipitation and subsequent changes in evapotranspiration.
8.3 Conclusion
• The period of active land use and frequency of clearance required to significantly
reduce above ground biomass accumulation in secondary forests is greater than
three years and greater than one clearance, respectively.
• More than 37 years of regrowth is necessary to recover levels of above ground
biomass comparable to primary forests north of Manaus.
• The forest growth model 3-PG2 was adapted to mixed tropical secondary forests.
Modelled simulations and in field estimates of above ground biomass could be
related after 37 years of growth.
• Using 3-PG2 forest growth was shown to respond negatively to future changes in
climate, the magnitude of the response is uncertain.
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8.4 Future work
8.4.1 Secondary forest age and extent
This thesis highlighted the uncertainty in secondary forest above ground biomass
estimates owing to a lack of knowledge regarding the true distribution of secondary
forest extent and age within the Brazilian Amazon. de Almeida et al. (2016) estimated
the extent of secondary vegetation within the deforested areas mapped annually under
the PRODES programme in 2008 and 2010.
Developments since the completion of Chapter 4 allow the estimation of secondary forest
age using single date remote sensing imagery, with a combination of optical (Landsat
Thematic Mapper) and radar (Advanced Land Observing Satellite Phased Arrayed
L-band Synthetic Aperture Radar) (Carreiras et al., 2016). The combination of these
outputs would allow the estimation of secondary forest age for the entire Brazilian
Amazon.
8.4.2 Canopy and below ground processes in 3-PG2
Assessments of model sensitivity to changes in air temperature and precipitation, given
the current parameterisation for secondary forest, highlight potential areas where the
model does not produce a representative simulation of moist tropical secondary forest.
These areas include processes which govern water-use e ciency such as canopy and below
ground processes. To improve the models performance in simulating these processes
requires validation of model outputs such as leaf area index, root mass and foliage mass.
Better parameterisation of the modules which govern these outputs requires collating
secondary forest data from sources such as the RAINFOR network (Malhi et al., 2004)
and TropForC (Anderson-Teixeira et al., 2016). Additional field work may be necessary
when such data is unavailable. Specific attention will be given to collecting data on the
parameters identified as having the highest sensitivity in 3-PG2. This data will be used
to create a single, or indeed multiple, parameter-set(s) that represent secondary forests
across the basin.
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8.4.3 Reproducing succession
Under estimation of stand properties in young secondary forest by 3-PG2 is caused
by a failure to replicate an asymptotic growth curve when the stem density remains
constant. This growth curve often, observed in secondary forest (Poorter et al., 2016),
is a characteristic of continual turnover of functional groups during succession as these
forests move towards the dynamic equilibrium state of mature forests. 3-PG2 has to
date only considered plantation stands that do not have a process representative of
succession, e.g. recruitment of new trees.
The implementation of a hierarchy of individual models will potentially simulate natural
regrowth and succession by 3-PG2. This will involve a hierarchical sequence of 3-
PG2 model runs that feed into one another that are individually parameterised for a
particular age range. This will include a suitable maximum age parameter to reduce
stem counts through time to more accurately represent outputs influenced by the turn
over of trees within a stand such as basal area, mean diameter at breast height and
stem biomass.
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A.1 Deforestation and regrowth rates
Table A.1: Deforestation and regrowth rates between consecutive dates in the Manaus
time-series (MF - mature forest; SF - secondary forest).
Transitions (year) MF annual rate of deforestation SF annual rate of deforestation Annual rate of deforestation
Annual rate of
regrowth
(% yr 1) (% yr 1) (% yr 1) (% yr 1) (% yr 1) (% yr 1) (% yr 1) (% yr 1)
[1973-1977] 0.14 691 0.00 0 0.14 691 0.00 0
[1977-1978] 0.51 2,517 0.00 0 0.51 2,517 7.91 230
[1978-1979] 0.67 3,267 0.00 0 0.67 3,267 0.00 0
[1979-1983] 0.35 1,700 0.00 0 0.35 1,700 0.00 0
[1983-1985] 2.87 13,451 0.95 2 2.87 13,453 55.41 8,974
[1985-1988] 0.87 3,911 8.40 1,349 1.13 5,260 28.70 6,142
[1988-1989] 2.30 10,063 27.69 7,873 3.84 17,936 61.09 12,584
[1989-1991] 0.45 1,956 5.58 1,968 0.84 3,924 29.06 6,455
[1991-1992] 0.70 2,976 17.30 7,345 2.19 10,321 44.38 8,674
[1992-1994] 0.28 1,187 6.38 2,850 0.86 4,037 17.45 3,627
[1994-1995] 0.23 986 9.76 4,568 1.18 5,554 55.48 10,579
[1995-1996] 0.07 277 3.06 1,662 0.41 1,940 109.50 13,037
[1996-1999] 0.31 1,291 4.99 3,083 0.91 4,374 19.60 1,431
[1999-2001] 0.30 1,239 4.41 2,601 0.81 3,839 20.76 3,085
[2001-2002] 1.51 6,228 13.20 7,733 2.96 13,961 46.29 8,338
[2002-2003] 2.74 11,092 7.37 4,482 3.35 15,574 133.89 24,738
[2003-2006] 0.51 2,036 5.09 3,938 1.26 5,974 26.79 3,490
[2006-2007] 0.29 1,128 4.94 3,955 1.08 5,083 20.07 4,230
[2007-2008] 0.13 509 3.07 2,488 0.63 2,996 25.63 5,356
[2008-2009] 0.38 1,482 10.45 8,453 2.11 9,935 10.64 2,233
[2009-2010] 0.09 360 3.16 2,453 0.60 2,813 23.95 6,134
[2010-2011] 0.09 364 5.33 4,287 0.99 4,651 12.67 3,035
Minimum 0.07 277 0.00 0 0.14 691 0.00 0
Minimum 0.07 277 0.00 0 0.14 691 0.00 0
Maximum 2.87 13,451 27.69 8,453 3.84 17,936 133.89 24,738
Mean 0.72 3,123 6.42 3,231 1.35 6,355 34.06 6,017
Standard deviation 0.85 3,726 6.51 2,699 1.05 4,905 33.71 5,756
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Table A.2: Deforestation and regrowth rates between consecutive dates in the Santare´m
time-series (MF - mature forest; SF - secondary forest).
Transitions (year) MF annual rate of deforestation SF annual rate of deforestation Annual rate of deforestation Annual rate of regrowth
(% yr 1) (% yr 1) (% yr 1) (% yr 1) (% yr 1) (% yr 1) (% yr 1) (% yr 1)
[1984-1985] 1.51 1,467 28.89 2,883 4.05 4,350 83.91 1,708
[1985-1986] 2.17 2,075 30.14 2,683 4.55 4,759 79.01 3,190
[1986-1987] 1.79 1,674 3.63 386 1.98 2,060 182.93 6,332
[1987-1988] 3.25 2,964 82.27 9,401 11.97 12,366 40.92 897
[1988-1989] 0.47 420 6.65 531 0.97 952 136.41 10,350
[1989-1990] 0.89 796 17.19 2,856 3.46 3,651 126.01 3,330
[1990-1991] 0.94 826 20.27 3,404 4.03 4,230 116.16 3,362
[1991-1993] 4.55 3,817 7.39 1,272 5.03 5,089 60.71 2,200
[1993-1995] 0.89 710 10.83 1,983 2.75 2,694 79.46 4,808
[1995-1996] 1.41 1,100 23.63 5,475 6.48 6,575 32.88 2,070
[1996-1997] 1.52 1,175 6.15 1,349 2.55 2,524 84.85 7,016
[1997-1998] 15.60 11,046 23.42 5,906 17.65 16,952 261.50 7,063
[1998-1999] 2.50 1,617 48.71 11,352 14.70 12,969 113.26 11,726
[1999-2000] 2.04 1,286 11.00 3,104 4.80 4,390 102.31 12,257
[2000-2001] 0.38 235 6.04 2,285 2.51 2,520 63.61 4,920
[2001-2003] 0.86 531 9.82 3,710 4.26 4,241 11.06 832
[2003-2005] 2.17 1,301 10.64 3,434 5.13 4,735 20.01 2,760
[2005-2006] 0.79 459 3.18 1,079 1.67 1,538 18.75 3,238
[2006-2007] 0.85 493 1.32 482 1.03 975 45.88 6,385
[2007-2008] 0.87 499 12.59 5,036 5.68 5,535 10.52 1,183
[2008-2009] 0.45 254 0.50 194 0.47 448 27.37 3,861
[2009-2010] 0.71 404 3.25 1,354 1.79 1,758 30.34 3,359
Minimum 0.38 235 0.50 194 0.47 448 10.52 832
Maximum 15.60 11,046 82.27 11,352 17.65 16,952 261.50 12,257
Mean 2.12 1,598 16.71 3,189 4.89 4,787 78.54 4,675
Standard deviation 3.18 2,292 18.74 2,849 4.42 4,188 61.51 3,332
Table A.3: Deforestation and regrowth rates between consecutive dates in the Machad-
inho d’Oeste time-series (MF - mature forest; SF - secondary forest).
Transitions (year) MF annual rate of deforestation SF annual rate of deforestation Annual rate of deforestation Annual rate of regrowth
(% yr 1) (% yr 1) (% yr 1) (% yr 1) (% yr 1) (% yr 1) (% yr 1) (% yr 1)
[1984-1986] 4.12 6,893 0.00 0 4.12 6,893 9.49 103
[1986-1987] 1.49 2,369 8.63 17 1.50 2,386 67.68 7,320
[1987-1989] 1.83 2,844 20.16 1,246 2.53 4,090 29.61 2,448
[1989-1990] 2.83 4,251 10.33 973 3.27 5,224 84.18 8,881
[1990-1991] 3.65 5,311 88.05 10,434 9.97 15,744 16.77 1,501
[1991-1994] 3.00 4,092 8.06 636 3.27 4,729 21.47 4,409
[1994-1995] 7.33 9,223 33.42 5,741 10.46 14,964 25.38 5,886
[1995-1996] 5.20 6,139 9.48 1,841 5.80 7,979 62.72 17,389
[1996-1997] 5.73 6,407 30.75 9,505 11.14 15,912 22.28 5,245
[1997-1998] 3.30 3,528 10.58 3,177 4.90 6,706 29.70 9,302
[1998-1999] 6.34 6,463 24.17 8,110 10.75 14,573 31.25 9,466
[1999-2001] 3.71 3,529 16.04 5,369 6.91 8,898 11.84 4,282
[2001-2003] 5.41 4,699 2.48 895 4.55 5,594 15.95 7,458
[2003-2005] 5.82 4,517 17.43 7,370 9.90 11,887 12.40 5,345
[2005-2006] 9.95 6,933 21.32 8,836 14.19 15,768 25.69 14,039
[2006-2007] 2.13 1,394 20.97 9,693 9.91 11,087 10.87 6,050
[2007-2008] 2.32 1,491 43.26 16,711 17.66 18,202 3.68 2,309
[2008-2009] 1.75 1,101 4.98 1,612 2.85 2,713 11.04 8,335
[2009-2010] 1.21 748 7.18 2,766 3.50 3,514 14.58 10,011
[2010-2011] 1.48 904 12.55 5,560 6.13 6,464 9.80 6,293
Minimum 1.21 748 0.00 17 1.50 2,386 3.68 103
Maximum 9.95 9,223 88.05 16,711 17.66 18,202 84.18 17,389
Mean 3.93 4,142 19.49 5,289 7.17 9,286 25.82 6,804
Standard deviation 2.31 2,394 19.50 4,467 4.36 5,248 21.46 4,141
A.2 Separating stand properties by land use his-
tory
Figure A.1 a demonstrates illustrates the lack of separability in the avDBH, BA, stem
density or AGB between the forests with a FC of 1 and  2 over 37 years of regrowth.
Seperability was not improved when the forests were seperated by PALU ( 2 and  3
years) (Figure A.2).
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Figure A.1: Comparison of field plots seperated by frequency of clearance (FC). The
graphs on the left show each plot. The graphs on the right show the 95% confidence
intervals.
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Figure A.2: Comparison of field plots seperated by period of active land use (PALU).
The graphs on the left show each plot. The graphs on the right show the 95% confidence
intervals.
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A.3 Forest growth models

































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































APPENDIX A. APPENDIX 244
A.4 Description of 3-PG2 model
3-PG2 is a process based model (PBM) that involves a series of casual loops which link
a series of sub models, to provide a number of monthly outputs (Table A.5).
Table A.5: Monthly outputs provided by 3-PG2
Output Name Description Unit
StemNo Stand stocking trees ha 1
avDBH Mean diameter at breast height cm
BasArea Basal area m2 ha 1
StandVol Stand volume m3 ha 1
MAI Mean annual increment cm yr 1
LAI Leaf area index m2 m 2
WF Foliage biomass Mg ha 1
WS Stem biomass Mg ha 1
WR Root biomass Mg ha 1
fracBB Branch and bark fraction -
At the core of 3-PG2 is a carbon balance model. Radiation is intercepted by the canopy
and converted into sugars in photosynthesis. This is the gross primary productivity
(GPP). A proportion of the carbon is lost to respiration and is expelled as CO2. The
remainder of these products, the net primary productivity (NPP), are then allocated
to foliage, stem and roots. Further carbon is lost through litterfall and root turnover.
This is represented by the green shapes in Figure A.3.
The next step of the model to consider is assimilation and allocation (pink boxes Figure
A.3). These are based on simple, well established principles and robust observations
(Landsberg et al., 2003). Intercepted solar radiation (Qint) varies as a function of
LAI via Beers law (Equation A.1). Production in trees is primarily driven by the
absorption of and utilisation of incident radiation. Photosynthetically active radiation
(PAR) is estimated from short wave radiation (MJm 2d 1) assuming that 50% is
photosynthetically active. This assumption is used in Beer’s law to determine how
much light is transmitted through the canopy. Thus radiation intercepted (Qint) by the
canopy is
Qint = (1  e kL)Q0 (A.1)
where k is the radiation extinction coe cient with a constant value of 0.7 (Saldarriaga
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Figure A.3: Structure of 3-PG with it’s carbon balance model, in green, that is influenced
by causal loops involving the surrounding sub-models Landsberg and Sands (2010).
and Luxmoore, 1991) in Amazonia, L is the leaf area index (LAI) and Q0 represents
total PAR. Beer’s law assumes that foliage is uniformly distributed across the stand.
LAI is determined from the foliage biomass present at the end of each month and
input parameter values of specific leaf area (SLA, m2kg 1). Figure A.4 demonstrates
the diminishing returns, in terms of intercepted solar radiation, with increasing LAI.
Secondary forest near Manaus rapidly attains a high LAI (>4) within 9 years (Lucas
and Honzak, 2002) and therefore would intercept >80 % of Q0.
Figure A.4: Asymptotic relationship between increasing LAI and intercepted radiation
assuming total incident radiation is 14 MJm 2d 1
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Figure A.5: The linear relationship between shortwave radiation and above ground
biomass accumulation after 20 years is the LUE (White et al., 2006)
The assimilation of this intercepted radiation is described by the light use e ciency
(LUE) relationship (Anderson et al., 2000). Observations show that above ground
biomass and gross production are linearly related to intercepted radiation (Figure A.5).
The slope of these relationships is a measure of the LUE. This simple relationship is
the basis for many simple growth models. Annual stand-level LUE is stable and species
specific.
LUE is known as the canopy quantum e ciency in 3-PG2 and is denoted by ↵C . GPP
is proportional to the intercepted radiation (Equation A.2)
Pg = ↵C(1  e kL)Q0 (A.2)
Where Pg is GPP and ↵C is determined by a series of physiological growth modifiers
that reduce Qint (Figure A.6). These growth modifiers are derived from environmental
constraints which represent partial to complete stomatal closure. This prevents gas
exchange and subsequently transpiration. These modifiers range from 0, total limitation,
and 1, no limitation of growth (Equation A.3).
↵C = fTfFfNmin{fD, f✓}fage↵Cx (A.3)
where fT is the factor representing temperature; fF is the frost modifier; fN is site
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nutrition which is governed by the fertility rating; fD is the vapour pressure deficit
(VPD) modifier; f✓ is the soil water modifier; fage represents the e↵ect of age and ↵Cx
is the maximum canopy quantum e ciency.
A.4.1 Physiological Growth modifiers
The e↵ect of the VPD is represented by the VPD modifier (Equation A.4). VPD
is the di↵erence (deficit) between the amount of moisture in the air and how much
moisture the air can hold when it is saturated (?). It is a key factor when considering
transpiration, the gaseous transfer of water vapour, as it is an important measure of
the drying power of the air.
fD(D) = e
 kDD (A.4)
where D (kPa) is the average day-time vapour pressure deficit and the species-specific
parameter kD (kPa) determines the strength of the e↵ect of VPD. This modifier is
determinant of canopy conductance and kD can be assigned based on observed e↵ects of
VPD on stomatal conductance. fVPD declines exponentially with D (Figure A.6a)
In 3-PG2 the soil water modifier (f✓) (Equation A.5) represents the relative plant
available soil water (✓r) in the root zone, rather than in the entire soil profile as in
previous versions of 3-PG. This growth modifier simulates the e↵ect of the soil water
balance in calculating ↵C , which is calculated by di↵erencing the monthly transpiration,
as calculated by the Penman Montieth equation, and monthly precipitation. The SW
balance can be negative if transpiration is greater than precipitation. Available soil




1 + [(1  2c✓n✓)/c✓]n✓ (A.5)
where c✓ and n✓ determine the shape of the modifier and depend on the soil texture
(Figure A.6b). If ✓r is <✓ it is set to the same value as ✓. the excess water is assumed
to have drained out of the system.
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Figure A.6: a) The VPD dependent modifier showing increased stomatal closure with
an increase in the VPD. b) The soil water-dependent modifier for sand and clay soils.
c) Temperature-dependent modifier, showing increasing productivity with increasing
temperatures up to an optimum before declining as the temperature continues to rise.
d) The site fertility-dependent modifier e) The salinity-dependent modifier, illustrating
the salinity below which growth is not a↵ected and that which ceases growth f) The age-
dependent modifier only decreases when the stand age nears the maximum specified age.
g) The modifier applied to canopy quantum e ciency takes into account atmospheric
CO2. h) The modifier applied to canopy conductance into account atmospheric CO2
concentration. Not shown is the growth modifier that takes into account the number of
frost days which has a simple linear relationship.
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The temperature modifier (Equation A.6) simulates the observed increase in production
with increasing temperature up to an optimum before declining as temperature continues










where Tmin, Topt and Tmax are the minimum, optimum and maximum, temperatures
for growth respectively. In 3-PG2 the temperature modifier is based on maximum
temperature as it is daytime temperature that a↵ects the productivity and water use
(White et al., 1999).
The e↵ect of frost is determined by a single parameter in the frost growth modifier
(Equation A.7).
fF (dF ) = 1  kF (dF/30) (A.7)
where dF is the number of days of frost per month and parameter kF is the number of
days growth lost for each day of frost. The relationship follows a linear relationship
where kF is assumed as 1.
The soil nutrition modifier (Equation A.8) is determined as a linear function of the
fertility rating FR (Figure A.6d)
fFR(FR) = 1  (1  fN0)(1  FR)fNn (A.8)
where FR is the site fertility rating, fNn determines the shape of the response and fN0
is the value of fFR when FR = 0. It is recognised that this is a crude procedure to
account for the di↵erences in soil fertility ans hence 3-PG is often coupled with models
of nitrogen availability such as CENTURY (Kelly et al., 1997) or SNAP (Paul et al.,
2002).
The salinity modifier (fS) (Equation A.9) accounts for the e↵ect of soil salinity on
canopy light use e ciency and canopy conductance as a function of soil electrical
conductivity.







where Cs (dS m 1) is the electrical conductivity of the soil, the thresholds CS0 and CS1
are the conductivities at which salinity begins to a↵ect and stops growth, respectively,
while nCS is a power that determines the shape of the response (Figure A.6e). The
e↵ects of salinity have yet to be parameterised for 3-PG (Landsberg and Sands, 2010)
and a salt balance model has not been implemented (Almeida et al., 2007a). Therefore
changes in soil water content do not change soil solution salinity, i.e. salinity is a static
site factor and is not modelled dynamically.
The age e↵ect modifier (Equation A.10) is close to 1 for young stands and only decreases





where t (years) is stand age and tx is the maximum age expected for a stand of these
species. Whilst rage is the relative age (t/tX) at which fage = 0.5 and nage determines
the strength of the response.
The atmospheric CO2 modifier is separated into the e↵ects of CO2 (Ca) concentration
(ppm) on ↵c (Equation A.11a, Figure A.6g) and the e↵ect on conductance gc (Equation
A.11b, Figure A.6h). However these have yet to be tested. Proper implementation
will follow physiological studies of the e↵ects of CO2 enrichment, and the results of
applications of models to study such e↵ects (Almeida et al., 2007a).
f↵C(Ca) =
fC↵xCa
350(fC↵x   1) + Ca (A.11a)
fCg(Ca) =
fCg0
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fCg0 =
fCg700
2fCg700   1 (A.12b)
express fC↵x and fCg0 in terms of the parameters fC↵700 and fCg700. The modifiers
have the value 1 when Ca = 350ppm, and the values fC↵700 and fCg700 are also 1 when
Ca = 700ppm. The e↵ects of these formulas are consistent with observations of the
response of single-leaf gas-exchange data to changes in CO2 concentration (Malhi et al.,
2009b).
In 3-PG2, the combination of the soil water, salt and age modifiers is called ‘PhysMod’
(Equation A.13). Unlike the original version which included the VPD modifier as this
does not a↵ect NPP (Almeida et al., 2007a).
' = f✓fagefS (A.13)
A.4.2 Biomass partitioning
3-PG2 assumes that a constant fraction (Y, 0.47) of GPP is lost as construction and
maintenance of respiration is carried out, this process is known as the carbon use
e ciency (CUE). The remainder, NPP, (Pn) is defined by the equation A.14.
Pn = Y Pg = "Y (1  e kL)Q0 (A.14)
NPP is partitioned into the biomass pools (Mg ha 1) representing foliage (W F ), above
ground woody tissue (W S) and roots (W R) (Equation A.15). Partitioning rates (⌘F ,
⌘R, ⌘S) depend on site and growth conditions and the average DBH of the stand. This
approach allows root allocation and LAI to vary with growing conditions, but forces
the model to allocate carbon in realistic manner that replicates actual structures.
Litter-fall ( F ) and root-turnover ( R) are also taken into account whereby:
 WF = ⌘FPn    FWF
 WR = ⌘RPn    RWR
 WS = ⌘SPn
(A.15)
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A.4.3 Allocation in 3-PG2
Root allocation is determined by fertility and available soil water (ASW). Poor fertility
conditions favour below-ground growth (Figure A.7). High FR results in low allocation
to roots and higher volume leaf growth (Ordon˜ez et al., 2009). This increases the
LUE and the overall biomass production. The e↵ects of VPD on allocation of NPP
to roots originally assumed by 3-PG is excluded in 3-PG2. This results in slightly
higher allocation to above ground pools, requiring a lower canopy quantum e ciency
↵C to achieve the same volume growth. These changes were made so that more realistic
values for ↵C can be used in line with fundamental plant physiology (Almeida et al.,
2007a).
Root allocation is a↵ected by growth conditions through ' and soil fertility through
m (Equation A.16). As roots grow the volume of soil they access changes. The new
volume of the root zone accessed due to root growth is calculated as the roots grow. Its
upper limit is reached when the soil profile is full. The model then takes into account
the soil water that is moved from the root-free zone to the root zone, or conversely if
the root zone volume decreases.
⌘R =
⌘Rx⌘Rn
⌘Rn + (⌘Rx   ⌘Rn)m' (A.16)
Where m = m0 + (1-m0)FR. m0 is a potential species specific parameter but is usually
assigned a value of m0 = 0. ⌘Rx represents root allocation under poor fertility conditions
and ⌘Rn denotes root allocation under optimal conditions when neither site FR or ASW
is limiting.
Above ground allocation is based on the foliage:stem partitioning ratio (Equation A.17).
This ratio is determined by tree size. Large trees allocate more NPP to stem wood.
pFS = ⌘F/⌘s = apB
np (A.17)
Where ⌘F denotes the allocation of NPP to foliage (Equation A.18a) and ⌘S the
allocation of NPP to the woody stem (Equation A.18a). B is DBH determined from
an allometric relationship between stem mass and B, whilst ap and np are coe cients
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Figure A.7: Fertile soils with adequate available soil water result in lower partitioning
of NPP to roots.





⌘F = pFS⌘S (A.18b)
⌘R is a function of the site fertility, and soil water status. Increasing DBH decreases
foliage allocation and increases stem allocation. This response is illustrated in Figure
A.8.
A.4.4 Litter-fall and root-turnover
Litter-fall is an age dependant function of foliage biomass (Equation A.19)
 F (t) =
 Fx F0







where  F0 is the litter-fall rate at age 0.  Fx is maximum litter-fall rate, which may be
stress-related. t F is age when  F =
1
2( F0 +  Fx). Root-turnover is a constant fraction
of root biomass ( R=0.015 month-1)
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Figure A.8: The stem:foliage partitioning ratio
A.4.5 Summary of carbon-balance model
The basic carbon balance equations include light interception, assimilation, biomass
allocation and mortality (litter-fall and root turnover). Canopy quantum e ciency and
root allocation are determined by the site conditions. Whilst rates of allocation are
age-dependant and stress related.
A.4.6 Stem mortality
3-PG2 includes density independent mortality through probability of death ( N ). This
is related to age and stress (Equation A.20)
 N =   NN (A.20)
 N increases in times of stress, e.g. in response to low long-term average f0 (drought)
it can also be representative of continuous background mortality.
Stem mortality also occurs through self-thinning in 3-PG2. This is influenced by stocking
via single-tree stem mass. Self thinning gives maximum single-tree stem mass (kg/tree)
at current stocking (Equation A.21)
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Figure A.9: At point 1 there is no mortality whilst at point 2 the population is reduced
to 2’ (Landsberg and Sands, 2010)
wSx(N) = wSx0(1000/N)
3/2 (A.21)
Where WSx0 is maximum stem mass at 1000 trees ha 1. When WS >wSx(N), stocking
is reduced. This is illustrated in Figure A.9.
The process of self-thinning is calculated by Figure A.10. As self thinning decreases the
number of stems the basal areas increases causing self-thinning to accelerate. This is
based on the model developed by Vanclay and Sands (2009). In which it is continuous
during stand development.
Stem volume is calculated either from allometric relationships with respect to DBH or
from density using (Equation A.22):
V = (1  pBB)WS/⇢ (A.22)
Where pBB is fraction of stem biomass in branch and bark and ⇢ is stem density. pBB
and ⇢ can vary widely across a site and calculation of stem volume from WS can be
error prone.
‘
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Figure A.10: Density-independent, or environmentally induced mortality, is modelled in
3-PG2 as an age dependent process and is shown as an input here. Stem number is the
primary output of this sub-model. The inward pointing arrows identify environmental
inputs or inputs from other sub-models, while outward arrows identify outputs from
this sub-model. Bold text denotes state variables. Arrows show casual influences whilst
positive and negative symbols show the type of influence. The sub-model is based on
the work of Vanclay and Sands (2009) and is driven by basal area.
A.4.7 Water Balance
In 3-PG2 the determination of soil water stress is set by the water content of a zone
of soil surrounding the roots. This zone changes in volume as the plant grows and
the root system occupies a greater volume of the soil profile. The water involved in
transpiration is drawn from the root zone, an area that dries out more easily than the
bulk soil (Almeida and Sands, 2015). The recharge of the root zone is modelled by
movement of water at a rate proportional to the di↵erence in volumetric soil water
content in the two zones considering the saturated hydraulic conductivity.
The soil water balance separately calculates forest and understorey rainfall interception,
transpiration, and soil evaporation. The understorey component is not utilised in this
study due to a lack of data pertaining to it. Implementation would however provide a
more realistic model of rainfall interception. A leaf water retention model is used in
calculating rainfall interception that assumes rainfall occurs as a single event. This first
wets leaves to a maximum thickness of retained water, and any subsequent rain becomes
throughfall. Retained water is evaporated at the wet-surface rate which is calculated
using the Penman-Monteith equation driven by the soil aerodynamic conductance (gAs,
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ms 1), Qint on the soil and VPD above the soil, both accounting for the presence
of a canopy prior to canopy closure. Following a rainfall event, all retained water is
evaporated. Thus all water lost through interception is that which is evaporated and
retained on the leaves. Total monthly interception loss is then obtained by summing
over individual events.
3-PG2 is capable of utilising a daily time step in calculating the water balance however
this adds extra complexity to a model who’s design is supposed to be simple. The
alternative is to provide the number of rainy days per month. The rainfall interception
and soil evaporation are then modelled on a rainfall event basis. The month is divided
into (dR) equal periods with an amount (R/dR) of rain falling as a single event at the
beginning of each period. R is total monthly rainfall and dR is the number of rainy
days. The water balance is performed separately over each period.
Transpiration in the forest canopy is modelled using the Penman-Monteith equation. It
is driven by canopy aerodynamic conductance (gAc), Qint and VPD above the canopy.
gAc is modelled using a model described by White et al. (1999). It is canopy conductance
is a↵ected by VPD, soil water and stand age through ', and increases with canopy LAI
(Equation A.23).
Water lose through soil evaporation is confined to a shallow upper soil layer. This layer
acts as a barrier to further evaporation as the soil dries. Evaporation is high when the
soil surface is wet after rain, and declines as it dries out (Ritchie, 1972). The amounts
of water evaporated during this process are determined by ES1 and ES2 (Table A.6. All
soil evaporation is modelled in this way in 3-PG2.
If the volume of rain falling exceeds ✓ the soil becomes saturated (✓sat) and the excess
becomes surface run-o↵. Remaining water then becoming available for evaporation and
transpiration. If ✓ exceeds the field capacity (✓fc) the excess soil water is available for
drainage. Soil drainage proceeds at a rate (kDrain) proportional to the excess and is a
soil texture dependent property.
gC = gCx'min{L/LgCx, 1} (A.23)
where gCx represents the maximum canopy conductance and LgCx is the value of LAI
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when maximum conductance is reached.
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